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Abstract

Existing neural vocoders have demonstrated promising per-
formance by leveraging Mel-spectrum as an acoustic feature
for conditional audio generation. Nonetheless, they remain
constrained by an inherent “performance-cost” dilemma that
significantly hinders the development of this field. This paper
revisits this foundational task from a novel degradation per-
spective, where Mel-spectrum is regarded as a special signal
degradation process from the target spectrum. Drawing inspi-
ration from traditional sparse signal recovery problems, we
propose DegVoC, a GAN-based neural vocoder with a two-
step solution procedure. First, by exploiting degradation pri-
ors, we attempt to retrieve the initial spectral structure from
Mel-domain representations as an initial solution via a sim-
ple linear transformation. Based on that, we introduce a deep
prior solver that accounts for the heterogeneous distribution
of sub-bands in the time-frequency domain. A convolution-
style attention module with a large kernel size is specially de-
vised for efficient inter-frame and inter-band contextual mod-
eling. With 3.89 M parameters and substantially reduced in-
ference complexity, DegVoC achieves state-of-the-art perfor-
mance across objective and subjective evaluations, outper-
forming existing GAN-, DDPM- and flow-matching-based
baselines.

Introduction
Thanks to the proliferation of large language mod-
els (LLMs) and generative diffusion models, burgeoning
progress has been made in the field of audio genera-
tion (Shen et al. 2023; Kondratyuk et al. 2024). The au-
dio vocoder is regarded as one of the fundamental tech-
niques, where target time-domain waveforms are recon-
structed from acoustic features via electronic and com-
putational methods (Dudley 1939; Kawahara, Masuda-
Katsuse, and De Cheveigne 1999). Compared with tradi-
tional digital signal processing (DSP)-based vocoders like
STRAIGHT (Kawahara 2006) and WORLD (Morise, Yoko-
mori, and Ozawa 2016), neural vocoders have demonstrated
remarkable performance in both generation quality and natu-
ralness, thus attracting extensive research attention in recent
years (Dudley 1939; Siuzdak 2024; Li et al. 2025c,a).

*The corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: A case example on the LibriTTS benchmark. A
larger bubble/star indicates higher inference cost (formatted
in MACs). NFE denotes the number of function evaluations.

Early neural vocoders typically generate waveforms in
an autoregressive manner (Van Den Oord et al. 2016). De-
spite significant progress, they exhibit rather slow inference
speed, which can heavily hinder their adoption in practi-
cal applications (Kalchbrenner et al. 2018). Subsequent ad-
vancements have been made by incorporating normalization
flow (Luong and Tran 2021) and glottis (Juvela et al. 2019)
techniques. Nonetheless, they can still suffer from inefficient
inference and limited quality improvements. Later, gen-
erative adversarial network (GAN)-based neural vocoders
have become mainstream due to their balance between qual-
ity and efficiency, falling into two categories: time-domain
methods (Yang et al. 2021; Kong, Kim, and Bae 2020;
Lee et al. 2023) and time-frequency (T-F) domain meth-
ods (Siuzdak 2024; Ai and Ling 2023). More recently, gen-
erative diffusion-based vocoders have begun to gain more
attention due to the powerful capability of diffusion models
in computer vision and multi-modality generation fields. By
establishing a bijective Markov chain between the Gaussian
and audio signal distributions, target audio can be gradually
estimated via an iterative denoising function in the reverse
process (Kong et al. 2021; Lee et al. 2022). Further per-
formance improvement has been achieved by incorporating
flow matching (FM) and its variants (Liu, Dai, and Wu 2025;
Luo, Miao, and Duan 2025).

Although existing neural vocoders have achieved excep-
tional performance, they still face an inherent Performance-
Cost Dilemma, which stems from two core factors. First, the
vocoder task is usually formulated as a conditional gener-
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ation task, where Mel-spectrum serves as the acoustic clue
for target generation from a random Gaussian distribution.
While intuitively challenging, a large number of network
parameters are often required for accurate acoustic model-
ing (Lee et al. 2023). Second, although diffusion models
can potentially achieve a higher upper-bound, multiple re-
verse sampling steps inevitably lead to an inefficient infer-
ence process and high computational costs, limiting their de-
ployment in edge scenarios (Liu, Dai, and Wu 2025). There-
fore, a natural question arises: How can we elegantly break
this embarrassing dilemma?

Fortunately, we have uncovered the “key” by delving into
the degradation prior of the Mel representation and the hier-
archical distribution prior of the target T-F spectrum along
the frequency dimension. Specifically, we re-examine Mel
modeling from the perspective of signal degradation and
formulate the generation process as an inverse optimization
problem, i.e., a classical signal retrieval task rather than
target generation from scratch. Furthermore, considering the
heterogeneous distribution among different frequency re-
gions, we propose an uneven sub-band division and merging
strategy, and a large-kernel convolutional attention module
(LKCAM) is devised to model inter-frame and inter-band
dependencies, leveraging large receptive fields for long-term
temporal-spectral context. Based on that, a novel GAN-
based neural vocoder named DegVoC is proposed. It not
only offers high reconstruction quality and low computa-
tional complexity but also enables fast inference speed. Ex-
tensive experiments show that with only 3.89 M parameters,
it outperforms BigVGAN-112 M in both objective and sub-
jective performance. Moreover, with only 7.6% of the com-
putational complexity and approximately 8.3× speed-up, it
even surpasses RFWave (Liu, Dai, and Wu 2025), a recent
state-of-the-art (SoTA) method based on FM. To our best
knowledge, this is the first time the degradation perspective
of the Mel spectrum has been revealed, and a GAN-based
neural vocoder has achieved SoTA performance under such
a light-weight configuration. Figure 1 showcases the PESQ
comparison of different methods on the LibriTTS bench-
mark. Our contributions can be summarized as follows:
❑ We revisit the vocoder task and reformulate the genera-
tion process as a classical signal restoration task.
❑ We propose a novel light-weight model that enables both
high-quality waveform generation and fast inference.
❑ We conduct extensive experiments, and both objective and
subjective experiments validate the superiority of the pro-
posed method over existing GAN and diffusion baselines.

Related Works
Autoregressive Models: The WaveNet (Van Den Oord et al.
2016) was proposed to model the generation probability of
the current sample based on previous samples. Dilated con-
volutions were stacked to gradually expand the receptive
field. In (Valin and Skoglund 2019), the LPCNet was pro-
posed, using linear prediction coefficients (LPCs) as auxil-
iary input to alleviate the network modeling burden. Despite
the improvements over traditional DPS-based vocoders, they
still suffer from inefficient generation speed due to the inher-
ent sample-level modeling mechanism.

GAN-based Models: Existing GAN-based vocoders can be
simply classified into two types. For time-domain-based, the
canonical MelGAN (Kumar et al. 2019) was proposed by
incorporating residual blocks as the generator and multi-
scale discriminators. Subsequently, the HiFiGAN was pro-
posed by designing multi-period discriminators (MPDs) to
enhance generation quality. In (Lee et al. 2023), a periodic-
based activation function was designed and the network is
scaled up to 112 M to further strengthen waveform gener-
ation quality. Due to the decoupling characteristic of dif-
ferent frequency components in the Fourier representation,
T-F domain-based vocoders have received increasing atten-
tion recently. In (Kaneko et al. 2022), the iSTFTNet works
by early-stopping and transforming to the waveform through
the inverse short-time Fourier transform (iSTFT). In (Siuz-
dak 2024), stacked ConvNext blocks are adopted to directly
model the target magnitude and phase spectra. Further im-
provements were achieved by incorporating the dual-path
branches and modified ConvNext blocks (Du et al. 2023).
Diffusion-based Models: Recently, diffusion models have
been applied to audio generation. In (Kong et al. 2021),
denoising diffusion probability models (DDPMs) were
adopted, where target waveforms are gradually recovered
through multiple iterations in the reverse stage. In (Lee
et al. 2022), a data-dependent adaptive prior was explored to
structure the prior distribution, yielding remarkable perfor-
mance with fewer number of function evaluations (NFEs).
Most recently, FM has attracted substantial attention due
to its simple formulation and inference paradigm. In (Lee,
Choi, and Lee 2025), natural periodic features of waveform
signals were introduced, and a period-aware flow match-
ing estimator was used to capture multi-periodic features.
Meanwhile, Liu et al. modeled different sub-band distribu-
tions in the T-F domain using rectified flow with 10 sampling
steps (Liu, Dai, and Wu 2025).

Revisiting Audio Vocoder Task
Formally, the log-scale Mel-spectrum Xmel can be defined
with the following physical model:

Xmel = log (A |S|) , (1)

where |S| ∈ RF×F denotes the magnitude spectrum of the
target waveform in the T-F domain, and A ∈ RFm×T is
the Mel filter matrix, instantiated as a linear compression
matrix. {F, Fm, T} represent the frequency, mel-frequency,
and frame sizes, respectively. Absorbing the logarithm oper-
ation into the left-hand side, we obtain:

Y = exp
(
Xmel

)
= A |S| . (2)

Compared with the target complex spectrum S ∈ CF×T ,
the Mel-spectrum Y undergoes two key degradations: 1⃝
Loss of phase information; 2⃝ Linear magnitude compres-
sion. Consequently, the process from Mel to target can be
regarded as the corresponding inverse process, i.e., phase
retrieval and magnitude recovery, which are considered
as classical signal restoration problems (Peer, Welker, and
Gerkmann 2023; Baraniuk et al. 2010; Dai et al. 2025).

To bridge Y and S, we generalize the Mel-spectrum to
the complex domain by treating magnitude as a special case
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in the complex domain, i.e., Y = Y exp (j0), where 0 is
an all-zero phase spectrum. Besides, we introduce a residual
term E, which reflects the phase gap between the target spec-
trum and that of all-zero phase, i.e., E = |S| exp (j0) − S,
then we rewrite Eq.(2) as:

Y = A (S+ |S| exp (j0)− S) = AS+E
′
, (3)

where E
′
= AE ∈ CFm×T denotes the compressed resid-

ual in the Mel domain. Figure 2 visualizes the Mel spectrum
and the compressed residual term E

′
. One can observe that

E
′

shares a similar structural pattern to the Mel spectrum,
which can be explained as it mainly reflects the phase dif-
ference and is weighted by the target spectral magnitude.
Notably, Eq.(3) can be regarded as a classical optimization
problem for signal recovery, where we aim to restore S from
the degraded observation Y. Using maximum a posteriori
(MAP), the optimization formulation for S is:

logP (S|Y) ∝ logP (Y|S) + logP (S) , (4)

where logP (Y|S) is the log-likelihood and logP (S) is
the log-prior of the target spectrum. Assuming the residual
term E

′
follows a zero-mean time-varying complex Gaus-

sian (TVCG) distribution (Dong et al. 2023; Li et al. 2024),
we rewrite Eq.(4) as:

S⋆ = argmin
S

1

σ2
t

∥Y −AS∥22 + αG (S) , (5)

where σt is the time-varying variance and G (·) is a regu-
larization function for S. While such an optimization prob-
lem is common in traditional sparse signal estimation field
such as compressive sensing (CS) (Baraniuk et al. 2010),
they usually adopt a recursive solution following such a two-
stage paradigm:
• Initialization step: Recovering basic structure character-

istic from the degraded observation via a simple linear
operation, e.g., matrix transpose or pseudo-inverse.

• Alternating update step: Further restoring the signal de-
tails depending on the predefined prior assumption of
G (·), e.g., Lp sparseness, which corresponds to the tradi-
tional ISTA algorithm (Beck and Teboulle 2009). And
some optimization methods like proximal gradient de-
scent (PGD) (Zhang et al. 2022) or ADMM (Afonso,
Bioucas-Dias, and Figueiredo 2011) are adopted for it-
erative estimation.

Recently, the employment of DNNs has notably facili-
tated the development of signal reconstruction by modeling
the prior term in a data-driven manner, that is, instead of
the manual prior assumption, a neural network serves as the
deep regularizer to learn the complicated prior of the target
signals (Zhang and Ghanem 2018). Inspired by that, we re-
formulate the solution of S into two sub-procedures:
• Initialization solver: By virtue of the linear degradation

prior, we can transform the Mel-spectrum into linear T-F
domain as the initialization solution.

• Deep prior solver: By feasibly excavating the target
prior by a specially devised neural network, we further
recover the remaining spectral details.

(a) Mel spectrum (b) Compressed residual E0

−10

0

Figure 2: Spectral visualizations of the Mel spectrum and
the compressed residual term E

′
. The logarithm operation is

adopted for better visualization.

Notably, unlike conventional conditional generation
paradigm, we frame the vocoder task as optimization from
degraded observations, following traditional signal recovery
pipelines. One may notice that a similar pseudo-inverse op-
eration was mentioned in (Lv et al. 2024). The main differ-
ence lies in that here we invest it from a feasible optimization
perspective while it is adopted as an empirical trick in (Lv
et al. 2024). More optimization analysis are provided in Ap-
pendix.

Proposed Framework
Based on the above analysis, we propose a novel neural
vocoder framework named DegVoC, which inherits the two-
step optimization pipeline, as shown in Figure 3(a). In the
first step, we attempt to recover the basic spectral structure
in the linear T-F scale. And a deep prior solver is devised to
effectively restore the remaining spectral details. We intro-
duce the two procedures in the following two parts.

Initialization Solver
Leveraging the linear degradation prior, we can simply re-
trieve the basic spectral structure, and three choices are pro-
vided for magnitude initialization:
(1) Matrix Transpose: Motivated by the common scheme in
the CS field, we view A as a type of sampling matrix (You
et al. 2021) and use the transpose of A for initialization, i.e.,
ATY, where (·)T denotes the transpose operation.
(2) Matrix Pesudo-inverse: Since Fm usually meets Fm ≪
F , it is nearly impossible to restore the spectrum perfectly,
we use the pseudo-inverse as alternative, i.e., A†Y, where
A† ∈ RF×Fm is the pseudo-inverse of A. In Appendix, we
show that such a operation is the range-space representation
of the target spectral magnitude.
(3) Learnable: In the previous two strategies, fixed matrix
is adopted for recovery. To adapt to the model optimization,
based on (1) and (2), we set the matrix weights to be learn-
able and it can thus be optimized together with the deep prior
solver jointly.

For phase initialization, we simply set it to all-zero, and
observe it is adequate to achieve good performance in our
internal experiments.

Deep Prior Solver
Previous literature usually adopt full-band modules (e.g.,
ResNet (He et al. 2016) or ConvNext (Liu et al. 2022)
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Figure 3: (a) Overall diagram of the proposed DegVoC, which follows a two-step optimization tactic. First, the initialization
solver is utilized to recover the overall spectral structure of the spectrum from the Mel domain representation. In the deep prior
solver, we leverage the heterogeneous distribution prior of different sub-bands and devise a novel network, where the sub-bands
are hierarchically encoded and interacted via large convolution kernels to facilitate the effective restoration of target spectrum.
(b) Internal structure of the initialization solver. (c) Internal structure of the HBDM. (d) Internal structure of the LKCAM. (e)
Internal structure of the HBMM. (f) Internal structure of the LKCAB. Different modules are indicated with different colors.

blocks) for target spectrum estimation, which neglects the
hierarchical prior of the spectrum in the T-F domain. For
example, harmonic components usually concentrate on low-
and mid-frequency regions and foundation frequency (F0)
usually ≤ 500 Hz. Therefore, we contend that it seems
more reasonable to encode and model the sub-band distri-
butions, and similar concept has also been proposed more
recently (Liu, Dai, and Wu 2025).

As shown in Figure 3(a), the deep prior solver consists
of three parts: hierarchical band division module (HBDM),
large kernel convolutional attention module (LKCAM), and
hierarchical band merge module (HBMM), which are illus-
trated below. Note that in contrast to previous recursive-
based literature (Masuyama et al. 2019; Liu et al. 2024), only
one iteration step is employed, and reasons are two-fold.
First, recursive estimation can incur inefficiency in the infer-
ence stage. Second, we argue that by elaborate network de-
sign, amendable performance can be obtained by one-pass.

HBDM/HBMM Detailed structure of the HBDM is
shown in Figure 3(c). Given the output of the initialization
solver, i.e., S̃(0) ∈ CF×T , we first convert it into the real-
valued version by concatenating along the channel axis:

S̃
(0)

= Cat
(
R

(
S̃(0)

)
, I

(
S̃(0)

))
∈ R2×F×T , (6)

where Cat (·) denotes the concatenation operation, and
{R, I} are the real and imaginary operations, respectively.
Considering that harmonic components lie in the low- and
mid-frequency regions, we adopt an uneven strategy for sub-

band division. Concretely, totally K regions are set1. For the
k-th region, a separate Conv2d is applied to compress the
frequency size, followed by layer normalization:

Fin,k = LN
(

Conv2d
(
S̃
(0)

k

))
∈ RC×Nk×T , (7)

where {C,Nk} denote the number of channels and the com-
pressed sub-bands, respectively. Here C is set to 256. After
that, we concatenate all the compressed representations as:

Fin = Cat (Fin,1, · · · ,Fin,K) ∈ RC×N×T , (8)

where N =
∑

k Nk. For spectral decoding, an opposite pro-
cess is adopted, as shown in Figure 3(e). For the input O ∈
RC×N×T , it is first split into K regions, and each feature
region Ok will first pass a pointwise Conv2d (PConv2d),
LN, and Gaussian error linear unit (GELU) (Hendrycks and
Gimpel 2016). After that, the TrConv2d is utilized for tar-
get estimation. Note that for spectral magnitude estimation,
the exponential function is adopted to ensure non-negativity,
and the Atan2 (·) function is utilized for phase estimation.

LKCAM In the T-F domain, both inter-frame and inter-
band relations are significant for spectrum estimation. On
one hand, audio signals exhibit strong sequential property,
and contextual or long-term information can profit the mod-
eling of current frame (Tan, Chen, and Wang 2018). On the
other hand, recent success on bandwidth extension (BWE)
have revealed the modeling dependency among different fre-
quency bands, and the generation of high frequency compo-
nents can be effectively guided by the low-/mid-frequency

1In this paper, we empirically set K = 3, and N = 24.
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Models Type NFE #Param. #MACs Inference M-STFT↓ PESQ↑ MCD↓ V/UV↑ Period.↓ VISQOL↑ WER↓(M) (Giga/5s) CPU GPU F1 RMSE
HiFiGAN-V1

GAN

1 14.01 166.41 5.88× 157× 1.1039 3.056 4.284 0.921 0.167 4.721 7.89
iSTFTNet-V1 1 13.33 117.30 10.66× 299× 1.1565 2.880 4.480 0.918 0.167 4.655 7.54

Avocodo 1 14.01 166.47 5.29× 148× 1.1130 3.217 4.314 0.913 0.161 4.762 7.25
BigVGAN-base 1 14.01 166.41 2.33× 23× 0.8841 3.521 3.034 0.941 0.131 4.869 6.77

BigVGAN 1 112.39 454.08 1.54× 17× 0.8105 3.991 2.547 0.955 0.104 4.934 6.29
APNet 1 73.33 33.92 31.97× 499× 1.2725 2.897 4.150 0.927 0.159 4.666 7.54

APNet2 1 31.52 14.79 58.82× 749× 1.1429 2.834 4.153 0.923 0.153 4.582 7.44
Vocos† 1 13.53 6.35 142.76× 1538× 0.8544 3.615 3.105 0.948 0.115 4.879 6.61
FreGrad DDPM 50 1.82 1589 2.32× 35× 1.3973 3.793 6.025 0.929 0.143 4.699 8.26

PriorGrad 50 2.70 8364 0.56× 8× 1.3926 4.017 5.854 0.938 0.130 4.737 7.52
RFWave† FM 10 18.04 598 1.92× 26× 0.9552 4.251 2.319 0.961 0.103 4.775 6.50
WaveFM† 6 19.50 1188 0.66× 13× 0.8421 3.954 2.582 0.955 0.105 4.943 6.48

DegVoC(Ours) GAN 1 3.89 45.62 18.20× 217× 0.8028 4.225 2.209 0.966 0.088 4.928 6.29

Table 1: Objective comparisons among different baselines on the LibriTTS benchmark. “a×” denotes the speed-up ratio over
real-time. The inference speed on a CPU is evaluated based on a CPU Intel(R) Core(TM) i7-14700F. For GPU, it is based on
NVIDIA GeForce RTX 4060 Ti. (·)† denotes using the pre-trained checkpoint from the original paper for inference. ↓ means
the lower the better, and ↑ means the higher the better. The best and second-best performances are respectively highlighted in
bold and underlined, respectively. The learnable option is adopted in the initialization solver.

Models M-STFT PESQ MCD V/UV VISQOLF1
HiFiGAN-V1 1.2102 2.907 2.733 0.876 4.570

Avocodo 1.1971 3.065 2.703 0.866 4.641
BigVGAN-base 1.0253 3.492 1.871 0.940 4.739

BigVGAN 0.8385 3.892 1.400 0.946 4.898
APNet2 1.2021 2.450 2.768 0.862 4.456
Vocos† 0.8975 3.522 1.949 0.937 4.848

RFWave† 0.8792 4.154 1.143 0.924 1.750
WaveFM† 0.8503 3.856 1.553 0.944 4.926

DegVoC(Ours) 0.7688 4.147 1.114 0.941 4.900

Table 2: Objective comparisons among other baselines on
the out-of-distribution samples from the EARS corpus.
WER is not reported due to the lack of text transcripts.

counterparts (Yun, Kim, and Lee 2025). As a remedy, we
propose a novel convolution-style attention module with
large kernel sizes, as shown in Figure 3(d).

Specifically, it consists of P blocks, where P is set to 8 to
span a large spectral receptive field. The detailed structure of
each block is presented in Figure 3(f), which consists of two
parts, namely convolutional attention unit (CAU) and Con-
vFFN. For the first part, inspired by (Hou et al. 2024), we re-
place the traditional self-attention (SA) with a convolutional
modulation layer. Given the input of H(p) ∈ RC×N×T , in-
stead of calculating the similarity score matrix A, we adopt
a convolution operation to modulate the feature of the value
V, given by:

Z(p) = A⊗V, (9)

A = LKDWConv2d
(

GELU
(

PConv2d
(

LN
(
H(p)

))))
,

(10)

V = PConv2d
(
H(p)

)
, (11)

where LKDWConv2d (·) denotes the depthwise Conv2d

with large kernel (If , It) along the frequency and frame
axes, respectively. Here we empirically set {If , It} =
{9, 11} to enable large receptive field. ⊗ is the elementwise
multiplication. In Sec. , we further ablate the kernel size,
as well as the comparisons with SA and other typical basic
structures. For ConvFFN, inspired by (Zhou et al. 2023), we
insert a DWConv2d with residual connection to empower
detail encoding.

Loss Function
Following the settings in (Li et al. 2025b), both reconstruc-
tion and adversarial losses are adopted. For the former, we
include amplitude loss La, real and imaginary loss Lri,
phase loss Lp, Mel loss Lm, and consistency loss Lc:

Lrec = λaLa + λriLri + λpLp + λmLm + λcLc, (12)

where {λa, λri, λp, λm, λc} = {45, 45, 100, 45, 45} are the
weighting coefficients.

For the adversarial loss, MPDs and multi-resolution STFT
discriminators (MRDs) (Jang et al. 2021) are adopted, and
the hinge loss is utilized:

LD =
1

M

M∑
m=1

max (0, 1 +Dm (s̃)) , (13)

where Dm is the m-th sub-discriminator. For the generator,
the adversarial loss is given by:

Lg =
1

M

M∑
1

max (0, 1−Dm (s̃)) . (14)

Besides, we also incorporate the feature-matching loss
Lfm, and the final loss for generator can be rewritten as:

LG = Lrec + λgLg + λfmLfm, (15)

where {λg, λfm} = {1, 1}.
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Models GT HiFiGAN-V1 Vocos BigVGAN WaveFM RFWave DegVoC(Ours)
AISHELL3 4.04±0.05 3.45±0.07 3.61±0.07 3.69±0.07 3.26±0.06 3.66±0.06 **3.78±0.03

MUSDB18(Vocals) 4.00±0.06 3.07±0.06 3.14±0.04 3.22±0.06 3.16±0.07 3.70±0.06 *3.77±0.06
Note: ∗∗p < 0.05, ∗p < 0.1

Table 3: MUSHRA scores among different methods on the out-of-distribution AISHELL3 and MUSDB18 benchmarks. The
confidence level is 95%, and we performed a t-test comparing DegVoC and RFWave.

GT GT Zoom in HiFiGAN Zoom in iSTFTNet Zoom in Avocodo Zoom in

BigVGAN Zoom in Vocos Zoom in WaveFM Zoom in RFWave Zoom in DegVoC(Ours) Zoom in
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Figure 4: Spectral visualization by different methods. The audio clip is a vocal sound from the MUSDB18 test set.

(1,3)
(3,5)

(5,7)
(7,9)

(9,11)
(11,13)

(13,15)

        Small 
receptive field

      Large 
receptive field

Figure 5: PESQ performance under different {If , It} con-
figurations. The number of LKCAB P is set to 6.

Experimental Setups
Datasets
The LibriTTS (Zen et al. 2019) benchmark is utilized for
training, which covers diverse acoustic environments as well
as more clips, rendering it challenging for vocoder task. The
target sampling rate is 24 kHz. Following the setup in (Lee
et al. 2023), {train-clean-100, train-clean-360, train-other-
500} are utilized for training, around 208 clips from dev-
clean-other are for objective metric evaluations.

Training Configurations
In terms of the Mel feature extraction, Fm = 100, and the
upper-bound frequency fmax is set to 12 kHz. The window
size is 1024, with 75% overlap between adjacent frames.
And 1024-point FFT is adopted. For network training, the
batch size is 16, and the segment size is chunked to 16,384.
The learning rate is initialized at 2e-4, following a co-
sine scheduler for update in the epoch level. The AdamW
scheme (Loshchilov and Hutter 2017) is adopted for opti-
mization with {β1, β2} = {0.8, 0.99}. We train the model
for 2 M steps, where the generator and discriminators are
updated for 1 M steps, respectively.

Evaluation Metrics
Seven objective metrics are employed for evaluations: (1)
Multi-resolution STFT (M-STFT) (Yamamoto, Song, and

Kim 2020) evaluates the spectral distance across multiple
T-F resolutions. (2) Wide-band MOS-LQO score based on
the ITU-P.862.2 standard using the python-pesq toolkit2,
which evaluates the speech quality. (3) Mel-cepstral distance
(MCD) (Kubichek 1993) measures the Mel-spectrum differ-
ence through dynamic time wrapping. (4) V/UV F1 score
and periodicity RMSE (Morrison et al. 2022) evaluate the
major artifacts for non-autoregressive neural vocoders. (5)
Word error rate (WER), computed using OpenAI’s Whisper-
Base (English)3. (6) Virtual Speech Quality Objective Lis-
tener (VISQOL) (Hines et al. 2015) gives the MOS-LQO
score by evaluating the spectro-temporal similarity.

For subjective evaluations, we conduct the MUSHRA
testing based on the BeaqleJS platform (Kraft and Zölzer
2014). Thirty participants majoring in audio engineering are
involved, and twenty-two valid results are collected. To al-
leviate the rating randomness, we scale the score range into
[1, 5] with the interval of 0.5. Each person should rate each
audio clip in terms of overall similarity compared to the cor-
responding reference.

Results and Analysis
Comparisons with SoTA methods
We compare our method with 12 advanced baselines in Ta-
ble 1: HiFiGAN-V1 (Kong, Kim, and Bae 2020), iSTFTNet-
V1 (Kaneko et al. 2022), Avocodo (Bak et al. 2023),
BigVGAN base and large versions (Lee et al. 2023), AP-
Net (Ai and Ling 2023), APNet2 (Du et al. 2023), Vo-
cos (Siuzdak 2024), FreGrad (Nguyen et al. 2024), Prior-
Grad (Lee et al. 2022), RFWave (Liu, Dai, and Wu 2025),
and WaveFM (Luo, Miao, and Duan 2025).

From the quantitative results in Table 1, several impor-
tant observations can be made. First, BigVGAN yields the
best performance among GAN-based baselines by introduc-
ing the periodic activation function and model scaling-up,

2https://github.com/ludlows/PESQ/tree/master
3https://github.com/openai/whisper
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IDs Init. Learnable M-STFT PESQ MCD VISQOL
1 T % 1.0187 3.957 2.542 4.797
2 P % 0.8320 4.142 2.139 4.931
3 T ! 0.8284 4.110 2.373 4.919
4 P ! 0.8028 4.225 2.209 4.928

Table 4: Ablation studies w.r.t. initialization scheme. {T, P}
denotes matrix transpose and pseudo-inverse operations.

which effectively facilitates the harmonic component gen-
eration within the waveform. However, the large computa-
tional cost also heavily impedes the inference efficiency. In
contrast, by resorting to spectral magnitude and phase esti-
mation, existing T-F domain-based methods, e.g., Vocos, en-
joys prominent advantage in processing speed, despite at the
cost of performance suboptimality over BigVGAN. Second,
thanks to the utilization of DDPM and FM, notable improve-
ments are achieved. For example, RFWave obtains the high-
est PESQ score and secondary performance in MCD, V/UV
F1 and Periodicity RMSE, which are closely concerned with
the acoustic distortion. Third, with the GAN paradigm, the
proposed method yields overall the best objective perfor-
mance over baselines, as well as light-weight designs in
network parameters and inference cost. This reveals the re-
markable trade-off between performance and processing ef-
ficiency. Moreover, our method yields the lowest WER, in-
dicating the well preservation in semantic information.

To reveal the superiority of our method in out-of-
distribution scenarios, the EARS corpus (Richter et al.
2024), a benchmark with diverse emotions, is adopted. We
randomly select 200 samples as the test set and all mod-
els are trained from LibriTTS corpus. The metric results
are shown in Table 2. Again, our method enjoys overall su-
perior performance over other baselines, which reveals the
effectiveness of the proposed framework, where the “ini-
tialization and target prior learning” pipeline is introduced
and large kernels are introduced for efficient inter-frame and
inter-band learning. Figure 4 visualizes the reconstructed
waveforms in the T-F domain by different vocoders. One can
observe that while most baselines can incur blurring in the
regions with rich harmonic components, our method demon-
strates the best performance in recovering harmonic details.

In Table 3, we report the subjective scores on two out-
of-distribution benchmarks, namely AISHELL3 (Shi et al.
2021) and MUSDB18 (Rafii et al. 2017). The former is a
mandarin speech corpus and the latter is a music dataset.
For each corpus, 15 samples are randomly selected for eval-
uations4. One can observe that for both audio types, the pro-
posed method yields the highest scores, and outperforms
RFWave with statistical difference (p < 0.1), further vali-
dating the advantage of out method in subjective quality. It
is noteworthy that the performance gap of RFWave and our
method over other baselines seems larger in the music sce-
nario, which is attributed to the richer harmonic components
for song vocals over natural speech signals (see Figure 4
for clear illustrations). Therefore, further investigations are

4For MUSDB18, we choose the vocal type for evaluations.

Sets M-STFT PESQ MCD V/UV VISQOLF1
Set-A 0.9474 3.704 3.032 0.943 4.866
Set-B 0.8634 4.012 2.561 0.958 4.904
Ours 0.8028 4.225 2.209 0.966 4.928

Table 5: Ablation studies w.r.t. basic network structure.

still required for existing neural vocoders in the music re-
construction scenarios.

Ablation Studies
In this section, we investigate the choice in initialization
scheme mentioned in Sec. , the kernel size and basic struc-
ture within LKCAM, and the results are reported on the
dev-clean-other of the LibriTTS corpus. (1) Initialization
scheme: Table 4 shows the results of different initializa-
tion methods mentioned in Sec. . For fixed cases, when
the pseudo-inverse matrix is adopted, improved performance
can be observed. When the matrix weights are set to be
learnable, while notable improvements are given for the
transpose scheme, close scores are obtained for the pseudo-
inverse version. Therefore, we choose the pseudo-inverse
type with learnable attribute by default. As shown in Ap-
pendix, the pseudo-inverse operation recovers the range-
space of the target spectral magnitude, which aligns with
classical signal recovery theory (Baraniuk et al. 2010). (2)
Kernel size: In Figure 5, we present the PESQ scores under
different {If , It} configurations within LKCAB. One can
observe that a suitable receptive field is crucial for spectrum
reconstruction. While a small receptive field is detrimental
to the contextual frame and sub-band modeling, a too large
receptive field can neglect the local details modeling. Col-
lectively, {9, 11} seems to be an optimal choice. (3) Basic
structure: In Table 5, we compare the proposed LKCAB
with another two options. For Set-A, the proposed CAU is
replaced by the self-attention operation. For Set-B, we re-
place LKCAB with the ConvNext v2 block (Woo et al. 2023)
and similar computational complexity is kept to ensure fair
comparisons. One can observe that our method yields the
best performance on objective metrics, indicating both the
effectiveness and efficiency of the proposed convolutional-
attention calculation via large kernel size. More experimen-
tal results and analysis are provided in Appendix.

Conclusion
In this paper, we propose a novel T-F domain-based neu-
ral vocoder for audio generation. Specifically, we revisit the
vocoder task from a degradation perspective, and a two-step
optimization procedure is devised. First, in the initializa-
tion stage, we roughly recover the basic spectral structure
from the Mel-domain representation. After that, leveraging
the heterogeneous distributions of sub-bands, a large-kernel
convolutional attention module is devised for efficient mod-
eling w.r.t. inter-frame and inter-bands. Extensive experi-
ments are conducted, and both quantitative and qualitative
results validate the superiority of the proposed method over
both existing GAN- and diffusion-based baselines.
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