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Abstract—The parametric array loudspeaker (PAL) inherently
introduces baseband distortions in directional sound applications
due to the nonlinear process in air. Recently, a two-stage DNN-
based framework has been used to generate preprocessed signals
for distortion-free speech restoration, where a preprocessing
network is cascaded with a frozen forward model that estimates
the PAL system. However, the preprocessing network can exploit
weaknesses in the fixed model, resulting in adversarial outputs.
To address this, we propose a joint optimization strategy based on
a PAL-driven generative adversarial network (PALGAN), which
simultaneously learns the PAL process and the preprocessing
module. A process discrimination mechanism is incorporated into
the discriminator, enabling it to determine whether the input
signal pair conform to the PAL process while acquiring a forward
model. The generator uses a causal TF-GridNet to estimate
the real and imaginary parts of the preprocessed signal via a
time—frequency band-split mechanism. Simulated and real-world
experiments demonstrate that the proposed method achieves
competitive reconstruction performance when compared with
existing methods across various objective metrics'.

I. INTRODUCTION

The parametric array loudspeaker (PAL) is a directional
sound technique that produces a narrow sound beam with a
significantly smaller aperture than conventional loudspeakers.
It leverages the self-demodulation (SD) property of high-
intensity ultrasonic waves in air to generate audible difference-
frequency components. Recently, the PAL has been applied to
private audio projection in smart devices such as computers
and televisions [1], reigniting interest in distortion-free speech
reproduction through preprocessing techniques.

The goal of the preprocessing modulator is to proactively
compensate for baseband distortions inherent in the SD pro-
cess [2]. In the past few decades, forward modeling and
preprocessing techniques have developed in an alternating
manner. The Berktay’s far-field solution is given as a simple
expression in the time domain, predicting the baseband output
y (t) after SD process by:

O?E2(t)
y(t) o —57 (1

For access to the source code and speech samples, please visit: https:
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where E(t) is the envelope signal. The double-sideband (DSB)
amplitude modulation was first used to generate wideband
primary ultrasonic waves by modulating audio signals onto an
ultrasonic carrier [3]. So the envelope function can be written
as 1+ ma(t) in the Berktay’s far-field solution, where x(t) is
the input audio and m is the modulating index. The square op-
eration in Eq. (1) introduces nonlinear distortion that contains
harmonic and inter-modulated components. For speech signals,
harmonics introduced by nonlinearity often coincide with the
original spectral components, resulting in spectral overlap and
reduced speech quality. The inter-modulated terms usually
manifest as non-stationary noise [4]. The second derivative in
Eq. (1) results in a 12 dB gain per octave when compared with
clean speech.

Several modulators have been developed to suppress specific
types of distortion. The square-root (SRT) amplitude modula-
tion [5], [6] is designed to theoretically eliminate square-law
distortion in the far-field model. However, this requires infinite
bandwidth from both the system and the transducer. For prac-
tical implementation, a truncated SRT modulation method was
proposed by taking the truncated Taylor series expansion of the
ideal SRT signal [7], [8]. Furthermore, the Nth-order equal-
ization (EQ) method reduces the error introduced by single-
sideband (SSB) modulation through iterative refinement [9],
[10]. Each recursion includes an error correction circuit, where
the difference between current demodulated output and target
signal is fed back to generate the next preprocessed input.
When applied to speech signals, this method has been reported
to introduce slight higher-order distortion components at each
recursive step, which degrades speech quality [4], [11].

Although well-developed, Berktay’s far-field solution and
the corresponding preprocessing modulator are only valid
within the axial far-field range, which significantly exceeds
the distances typically encountered in most practical appli-
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Fig. 1. A two-stage framework for training the preprocessing modulator,
based on a frozen and pre-trained forward model.
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Fig. 2. An overview of the proposed PALGAN architecture.

cations [12]. To address this limitation, the Volterra filter
(VF) was subsequently introduced for SD modeling, offering
flexibility across various acoustic fields, particularly in the near
field [13], [14]. The one-dimensional Volterra filter (ODVF)
enhances the VF by extracting diagonal kernel, thereby reduc-
ing computational complexity and improving convergence be-
havior. However, the pth-order inverse filter employed to com-
pensate for the ODVF is effective only for single-frequency
signals [15], [16]. Unlike these VF-based models, which are
heuristically introduced into the PAL system, our previous
work proposed an interpretable model called the Differential
Volterra Filter (DiffVF), derived via a two-stage decoupling
method based on the Westervelt equation [17]. A recursive
equalizer, specifically tailored to the DiffVF model, offers an
effective solution for speech reconstruction in the near field [4].
Despite improvements in objective metrics, the method re-
mains limited by high-order distortions and the computational
cost inherent to recursive operations.

DNN-based approaches have been applied to the identifi-
cation of nonlinear systems due to their powerful function
approximation capabilities and hierarchical nonlinear struc-
tures [18], [19]. A two-stage framework tailored for speech
scenarios was first proposed in [4], consisting of a forward
model for PAL system modeling and a preprocessing mod-
ulator, both sharing the same network architecture. Fig. 1
shows the detailed training strategy. A similar framework is
later adopted for single-frequency scenarios, with WaveNet
serving as the core network [20]. Although a shared network
architecture facilitates the training of the cascaded preprocess-
ing module, limited diversity in recorded data may cause the
preprocessing modulator to exploit weaknesses in the frozen
forward model, producing adversarial outputs that are well
restored within the model but fail in a real PAL system.

To this end, we proposed a joint optimization strategy
implemented by a PAL-driven generative adversarial network
(PALGAN). A process discrimination mechanism is introduced
into the discriminator to distinguish between real and estimated

input signal pairs, where each pair consists of an input and
its corresponding PAL output. In addition, the intermediate
output of the discriminator contributes explicit supervision
to the forward model. Both the explicit non-adversarial loss
and the implicit adversarial loss jointly guide the generator to
produce effective preprocessed signals for speech restoration.
The generator adopts a causal TF-GridNet based on [21],
using a T-F band-split mechanism to estimate real and imag-
inary (RI) components. Objective comparisons with baselines
demonstrated the effectiveness of the proposed method in real-
world experiments.

II. METHODOLOGY

In this section, we first formulate the physical process. Then,
the generator and the process discriminator are illustrated
respectively. Finally, we describe the loss functions used in
PALGAN.

A. Formulation of Preprocessing

Our goal is to design a preprocessing modulator, making the
obtained preprocessed signal reproduce the clean speech after
the SD process. For convenience, we define a general self-
demodulation (GSD) process, as a baseband mapping from
speech input to the speech output that incorporates the effects
of DSB modulator, ultrasonic transducer, and SD in air. Thus
the restored speech © can be formulated as:
[n] = M(G(z[n])), )
where M(-) denotes the GSD process, G(-) denotes the
preprocessing modulator that generates the preprocessed signal
Zpre to be modulated and emitted into the air by the transducer,
and x denotes the target speech. During the design of the
preprocessing modulator, the estimated GSD process serves
as a substitute for the real process and is termed the forward
model.
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An illustration of the propagated loss functions in the PALGAN architecture. For simplicity, X and Y denote the complex spectrograms of the clean

input signal and the recorded PAL output, respectively, while Xpre represents the spectrogram of the preprocessed signal produced by the generator.

B. Generator architecture

The preprocessing modulator aims to map the T-F rep-
resentation of the clean speech to the preprocessed signal
under implicit supervision of the forward model, described as:
Xpre = G (X; @), where X and X, are the complex spectra
of the target speech and the preprocessed signal respectively,
the frame and frequency indices {t, f} are omitted for clarity,
and ® denotes the trainable parameters. Fig. 2(a) depicts the
internal structure of the preprocessing modulator, designed as
a causal variant of TF-GridNet [21], [22], which also functions
as the generator in PALGAN. It features an encoder module,
causal TF-GridNet blocks and a decoder module. The encoder
applies a two-dimensional convolution (Conv2D) layer to the
speech spectra and then uses a PReLU and a layer normaliza-
tion (LayerNorm) to produce a D-dimensional feature vector
for each T-F bin. Correspondingly, the decoder reconstructs
the preprocessed speech in the T-F domain through a two-
dimensional deconvolution (Deconv2D).

The B-layer causal TF-GridNet blocks, adapted for real-
time causal processing, leverage both full- and sub-band
spectral-temporal information to predict the embedding of
preprocessed speech. It comprises three submodules. For the
frequency band-split module, the input tensor R; with shape
D xT x F in the bth block is viewed as T separate sequences,
such that each D x F' unit can be processed with a sequence
model, where T" and F' are the number of frames and frequency
bins respectively. To aggregate neighboring features, the band-
split mechanism is applied by LayerNorm and unfolding the
sequences along the frequency axis using a kernel size of
I and stride of J. This allows the succeeding bidirectional
LSTM (BLSTM) to capture the cross-band correlations within
flattened embeddings. The formulation can be written as:

By = [BLoTM(Unfold (N (Ry 1, ).
for t =1,...,T] € RAMXTxX[5411)

where M denotes the hidden size in each direction of BLSTM.
Next, a one-dimensional deconvolution (Deconv1D) layer with
output channel of D is performed on Ry, whose result is added
to Ry via a residual connection to produce the final output.
The time band-split module mirrors the above procedure but
differs in its band-split mechanism. The input tensor is viewed
as F' separate sequences of length T, stacking neighboring

3)

features along the time axis. An LSTM is then used to capture
the temporal information within each frequency band, while
maintaining causality.

In the full-band self-attention module, an L-head self-
attention mechanism is employed to model long-range global
information within each frame [23]. The frame-level query,
key, and value vectors are computed and flattened to construct
the attention matrix based on the dot-product attention mech-
anism.

C. Process Discriminator

Instead of fully relying on explicitly minimizing the losses
from regression approaches, which may cause overfitting prob-
lems, the discriminator provides a high-level abstract measure
of realness. Here we propose a process discriminator for
joint optimization, consisting of two modules: Discriminator(
and Discriminatorl. Fig. 2(b) shows the internal structure of
the discriminator. DiscriminatorQ resembles a forward model,
because the difference between estimated output Y and the
real PAL output Y constitutes part of the discriminator loss, as
shown in Fig. 4(b). However, it differs by being fully trainable.
Moreover, a process discrimination mechanism is incorporated
to Discriminator] to judge whether each input signal pair is
real or fake PAL process, thereby offering the preprocessing
modulator an auxiliary form of supervision. For example, when
the X and its corresponding real PAL output Y serve as the
input pairs, the discriminator identifies this pair as a true PAL
process.

DiscriminatorQ comprises an encoder, B-layer blocks each
containing a frequency band-split module and a time band-
split module, and a decoder. Each module is identical to
those used in the generator. The output of Discriminator(,
along with Y is passed to Discriminatorl. The process dis-
crimination mechanism is implemented by adding the output
to Y to form a residual connection, followed by a PReLU
and LayerNorm, and then fed into three sub-discriminators.
We adopt a multi-period (MPD) and a multi-scale (MSD)
waveform discriminators, which improve audio fidelity [25],
[26]. In addition, a complex STFT discriminator at multiple
resolution (MRD) [27], [28] is employed because it leads to
improved magnitude and phase modeling.
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TABLE I
THE HYPERPARAMETER CONFIGURATION FOR PALGAN.

Model B L 1 J M D Param. MACs
Generator 4 4 8/8 8/8 32 256 | 487 M 19.53 G/s
DiscriminatorQ 4 - 6/24 6/24 16 192 14.83M 8.55G/s
D. Loss Functions A. Dataset

Inspired by [29], we use a linear combination of magnitude
loss Luag. and complex loss Lg; in the T-F domain:

Lty = alrag. + (1 — ) Lri, 4

P P )
A ) M)

(6)

where subscripts {m,r,i} denote the magnitude and RI com-
ponents of the complex spectrograms, and « is a weighting
factor typically set to 0.5 [30]. Moreover, an additional pe-
nalization in the waveform Lrjy. iS proven to improve the
restored speech quality [31]

)

In this context, ||-||; denotes the ¢; distance and ||-||, denotes
the ¢ distance. L1r and Lrine together constitute the non-
adversarial loss for the generator. Explicit supervision for
Discriminator0 is implemented by minimizing the loss Lp,:

T

Similar to least-square GANs [32], which emplying binary
coding (1 for real, 0 for fake), the adversarial training is
following a min-min optimization task over the adversarial
generator loss Lgan and the adversarial discriminator loss
ED 1.

Loan = Ex,.. x (1D (Xpre, X) — 1],],
Lp, =Exy [|D(X,Y) —1l,] + Ex,,. x

pres

ETime = Ex,i [HIZ’ - ‘%Hl] .

€))

(10)

where D refers to the progress discriminator. The final gen-
erator loss and discriminator loss are formulated as follows,
respectively:

(1)
(12)

La = 1Lrr + 72LTime + 13LaAN,
Lp =BLp, + (1 —5)Lp,,

where 71, 72,73, 0 are the weights of the corresponding losses
and they are chosen to reflect equal importance.

III. EXPERIMENTAL SETUP

We performed both simulated and real-world experiments.
The PALGAN was trained on paired clean-recorded speech
dataset. In simulated inference, restored signals were obtained
by feeding the preprocessed signals into the Discriminator0.
In the real-world experiment, the preprocessed signals were
transmitted through the PAL, and the real restored speech was
recorded in the near acoustic field.

(1D (Xpre, X1,

],

We used a randomly assembled 67-hour clean speech from
the VCTK dataset, resampled to 16 kHz, for training and
validation, with clean speech serving as both input and target
signals. To prepare the clean-recorded speech pairs for the
process discriminator, we modulated the clean speech onto a
40 kHz ultrasonic carrier using DSB modulation and emitted
it through a transducer. The resulting SD audible sound was
recorded by a B&K type 4189 microphone placed 1.5 m away
from the transducer in a full anechoic room. In addition to the
VCTK test set, we also employed the read speech from the
DNS Challenge dataset [33] for unseen testing. They together
comprise a 2-hour test set.

B. Configuration

We set the window size to 20 ms, hop size to 10 ms and
FFT number to 320. Our configurations were primarily in line
with those described in [21], except for the settings listed in
Table I. The kernel sizes and strides used in the frequency
band-split module and the time band-split module are separated
by a slash (/). The multiply-accumulate operations (MACs)
required for processing a 4-second mixture, reported in giga-
operations per second (G/s), and the number of trainable pa-
rameters in million (M) are also presented. During the training
phase, each utterance was segmented into non-overlapping 4-
second segments, while the entire utterance was used during
inference. We trained the network for 50 epochs using the
Adam optimizer [34] with an initial learning rate of 0.0002.

We introduced two baseline teqniques: DSB and recursive
EQ. The forward model used in recursive EQ was the identified
Diff VF model based on the recorded dataset. The mudulation
index m was set to 0.8. The scaling parameter cg in recursive
EQ was set to 0.065. The EQ order was roughly determined
by the point at which the spectral MSE stop decreasing.

IV. RESULT AND DISCUSSION

To conduct meaningful comparisons, we employed
three non-intrusive and four intrusive objective metrics:
non-intrusive speech quality and naturalness assessment
(NISQA) [35], where quality dimensions of overall quality
and coloration were included, deep noise suppression mean
opinion score (DNSMOS) [36], where speech quality (SIG)
and overall quality (OVRL) were used, UTokyo-SaruLab
MOS (UTMOS) [37], narrow-band perceptual evaluation
of speech quality (NB-PESQ) [38], extended short-time
objective intelligibility (eSTOI) [39], signal-to-distortion ratio
(SDR) [40], and Mel cepstral distortion (MCD) [41]. Higher
values in these metrics indicate superior performance except
for MCD.

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1143



TABLE II
QUANTITATIVE COMPARISONS WITH BASELINES ON THE MIXED TEST SET. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD AND THE SECOND BEST
RESULTS ARE UNDERLINED.

. NISQA DNSMOS

Condition Method EQorder | \iost  coLt OVRLY  Sigp UTMOST | NB-PESQT  eSTOL (%) 1  SDR (dB) T MCD}
DSB [3] - 393 391 3.39 3.63 3.90 4.38 99.06 7.88 12.67
Simulaed | Recursive EQ [4] 20 342 3.29 339 3.62 3.08 2.83 93.25 4.93 11.85
Recursive EQ [4] 40 2.99 2.90 3.29 3.55 2.73 2.38 90.23 3.33 11.50
PALGAN - 4.42 4.14 3.35 3.58 4.05 4.30 93.98 2543 5.19
DSB [3] - 194  2.04 2.80 311 2.25 211 57.39 476 15.05
Real-world Recursive EQ [4] 20 1.56 1.90 2.96 3.25 1.47 1.72 58.76 5.74 17.46
Recursive EQ [4] 40 1.48 1.96 2.78 3.05 1.42 1.69 54.69 4.89 16.47
PALGAN — 4.62 4.25 3.46 3.65 3.98 3.69 83.16 17.55 6.88
ments across all metrics under both simulated and real-world
conditions. We visualized the spectrograms of preprocessed
and restored speech in the real-world condition, as shown in
Fig. 4. Our method produces a more sophisticated preprocessed
signal, resulting in restoration that closely approximates clean

speech.

V. CONCLUSIONS

In this paper, we proposed a joint optimization strategy
implemented by a PALGAN, which leveraged adversarial
training to simultaneously obtain the preprocessing network
and a forward model that is more consistent with the real PAL
system. A process discrimination mechanism was incorporated
into the discriminator, providing a high-level abstraction of
realness to offer auxiliary supervision to the preprocessing
network. Quantitative results under both simulated and real-
Fig. 4.  Spectrograms of preprocessed (left) and restored (right) speech world experiments demonstrated that the proposed method

examples in real-world condition, with relevant NISQA-MOS indicated.

Table II presents the quantitative results of the proposed
method compared with two baselines under simulated and
real-world experimental conditions. It can be seen that the
baseline methods generally achieve higher objective scores
under simulated conditions, whereas the results of the proposed
method remain more consistent across different conditions.
This consistency reinforces the accuracy of the jointly learned
Discriminator0, and facilitates the efficient development of pre-
processing algorithms without requiring a pre-trained forward
model.

To investigate the influence of EQ order on performance
metrics, several orders were tested. Despite improvements in
eSTOI and SDR under real test, recursive EQ yields lower
scores than DSB across perceptual metrics, including NISQA,
DNSMOS, UTMOS, and NB-PESQ, as its point-wise error
compensation provides little perceptual benefit. In contrast, the
proposed method operates in the T-F domain, enabling more
refined control over spectral restoration.

Moreover, the DNSMOS, UTMOS, NB-PESQ, eSTOI, and
SDR scores in the refined EQ method do not increase mono-
tonically with order. This fluctuation implies its instability
across different speeches, making the method sensitive to order
selection. Moreover, higher order compromises the feasibility
of real-time deployment. The proposed method overcomes
these issues and demonstrates notable performance improve-

achieved competitive performance when compared with state-
of-the-art methods.
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