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Abstract—The majority of mainstream neural vocoders pri-
marily focus on speech quality and generation speed, while over-
looking latency, which is a critical factor in real-time applications.
Excessive latency leads to noticeable delays in user interaction,
severely degrading the user experience and rendering such sys-
tems impractical for real-time use. Therefore, this paper proposes
DLL-APNet, a Distilled Low-Latency neural vocoder which first
predicts the Amplitude and Phase spectra explicitly from input
mel spectrogram and then reconstructs the speech waveform
via inverse short-time Fourier transform (iSTFT). The DLL-
APNet vocoder leverages causal convolutions to constrain the
utilization of information to current and historical contexts, effec-
tively minimizing latency. To mitigate speech quality degradation
caused by causal constraints, a knowledge distillation strategy is
proposed, where a pre-trained non-causal teacher vocoder guides
intermediate feature generation of the causal student DLL-APNet
vocoder. Experimental results demonstrate that the proposed
DLL-APNet vocoder produces higher-quality speech than other
causal vocoders, while requiring fewer computational resources.
Furthermore, the proposed DLL-APNet vocoder achieves speech
quality on par with mainstream non-causal neural vocoders,
validating its ability to deliver both high perceptual quality and
low latency.

I. INTRODUCTION

Neural vocoders convert input acoustic features (e.g., mel
spectrogram) into speech waveform by neural networks, thus
they directly impact the quality of synthesized speech and have
found applications in various domains such as text-to-speech
(TTS) [1], [2], speech enhancement (SE) [3], voice conversion
(VC) [4], etc.

Early neural vocoders, e.g., WaveNet [5] and SampleRNN
[6], employed auto-regressive methods to generate time-
domain speech waveforms, which precluded parallel process-
ing. In subsequent work, two categories of neural vocoders
emerged: flow-based vocoders [7], [8] and diffusion-based
vocoders [9], [10]. While they can produce high-quality
speech, their practical deployment, especially on devices with
limited computing resources, remains challenging. Recently,
generative adversarial networks (GANs) [11] have demon-
strated remarkable performance in generative tasks. GAN-
based vocoders [1], [2], [12] are among the most prevalent
vocoder architectures due to their relatively straightforward
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algorithmic design, which implicitly incorporates waveform
quality improvements through discriminator supervision.

However, beyond the traditional focus on speech quality
and generation speed, latency remains a critical yet often
overlooked metric in most vocoder research, especially for
real-time practical applications. Many existing vocoders rely
on standard convolutions, which cause the receptive field to
expand as network depth increases when stacking convolu-
tional blocks [13]. This results in considerable model-intrinsic
latency, making it infeasible to support frame-by-frame, con-
current transmission and computation—an unacceptable limi-
tation in real-time systems from the receiver’s perspective. For
example, in communication scenarios involving speech codecs
[14], [15] that transmit mel spectrograms, causal vocoders are
essential to minimize latency and ensure real-time synthesis at
the receiving end.

To address this, we propose DLL-APNet, a Distilled Low-
Latency neural vocoder with explicit Amplitude and Phase
spectrum prediction. Building on our previous work, APNet2
[16], the proposed vocoder introduces specific improvements to
significantly reduce latency. In speech coding fields [17], [18],
causal convolutions are commonly employed to reduce model
latency and meet communication requirements. Therefore, we
replace standard convolutions in APNet2 with causal convolu-
tions, which use asymmetric padding to ensure the convolution
kernel does not access future information, thereby minimizing
computational latency. To compensate for the speech quality
degradation caused by the introduction of causal convolutions,
we adopt knowledge distillation training strategy, using a pre-
trained APNet2 as the teacher model to guide the learning of
the student model DLL-APNet. This allows DLL-APNet to
extract maximal knowledge within its limited receptive field,
facilitating the generation of high-quality speech waveform. As
the results of our experiment, the speech quality synthesized by
our proposed DLL-APNet outperforms other causal vocoders
and remains comparable to non-causal models, indicating that
the knowledge distillation strategy can mitigate the speech
quality degradation caused by causal convolutions to some
extent.

The rest of the paper is structured as follows. We introduce
related works about GAN-based neural vocoders and low-
latency speech generation methods in Section II and describe
our proposed DLL-APNet in Section III. The experimental se-
tups and results are presented in Section IV and V, respectively.



Finally, we give conclusion in Section VI.

II. RELATED WORK

Since the benchmark employed in this study utilizes GAN-
based neural vocoders and prioritizes causal modeling to
reduce latency, this section offers a concise review of GAN-
based neural vocoders and recent approaches to low-latency
speech generation.

A. GAN-based Neural Vocoders

GAN-based neural vocoders represent one of the most
dominant frameworks in modern vocoding technique, typically
composed of a generator and a discriminator. We can classify
GAN-based neural vocoders into non-all-frame-level and all-
frame-level types based on whether upsampling operations
are adopted. For non-all-frame-level neural vocoders (e.g.,
BigVGAN [19], HiFi-GAN [1], and iSTFTNet [20]), mel
spectrograms are either left unprocessed or first upsampled to a
higher temporal resolution before being directly converted into
time-domain waveforms through transposed convolutional lay-
ers. However, upsampling operations pose challenges for de-
ployment on devices that lack parallel computing capabilities,
as they introduce sequential dependencies and computational
overhead. In contrast, all-frame-level neural vocoders (e.g.,
APNet [12], APNet2 [16], and Vocos [2]) predict amplitude
and phase spectrum at the same frame rate as the input
mel spectrogram through convolutional operations. The speech
waveform 1is finally reconstructed via the inverse short-time
Fourier transform (iSTFT), leveraging the spectral information
to synthesize natural-sounding speech. Our previously pro-
posed APNet vocoder [12] achieved explicit amplitude and
phase spectrum prediction with small frame shifts for speech
waveform reconstruction, especially leveraging parallel estima-
tion architecture and anti-wrapping loss function for accurate
phase estimation. Our previously proposed APNet2 vocoder
[16] advanced APNet by integrating ConvNeXt v2 blocks
[21] and improved discriminators, enabling high-sampling-
rate spectral prediction with large frame shifts. However,
these approaches all overlooked latency issues, resulting in
substantial model delays.

B. Low-Latency Speech Generation Methods

Latency, defined as the minimum amount of input time
required to initiate the model, is a critical factor in many speech
generation systems. It determines whether such models can be
applied in real-time scenarios, such as speech communication.
Causal models exhibit extremely low model latency, with
relevant research conducted in several low-latency speech
generation methods, e.g., speech coding [17], [18], [22], VC
[23], SE [24] and speech phase prediction [13]. One approach
[22] is to replace standard convolutions with linear layers
and employ knowledge distillation strategies to enhance model
performance. However, linear layers only allow the current
output to access the current input rather than past inputs,
presenting certain limitations. Another approach [17], [18] is
to use causal convolutions instead of standard convolutions

and employ knowledge distillation strategies, avoiding the
issue where standard convolutions with symmetric padding
can access future information. However, low-latency neural
vocoders have not yet been thoroughly investigated.

III. PROPOSED METHOD

An overview of the proposed DLL-APNet vocoder is shown
in Figure 1. Building upon our previously proposed APNet2
vocoder [16], the input mel spectrogram is processed by a
amplitude spectrum prediction branch and a phase spectrum
prediction branch in parallel to explicit predict the amplitude
and phase spectra, respectively. The time-domain waveform
is then reconstructed via iSTFT. To support low latency, all
convolutional layers in the DLL-APNet vocoder are causal.
At the training stage, a pre-trained APNet2 vocoder is used
as a teacher model to generate intermediate features, which
guide the distillation-based training of the proposed DLL-
APNet vocoder. Details of the model architecture and training
procedures will be presented below.

A. Causal Convolution

In scenarios requiring extremely high real-time performance,
the latency introduced by models must be strictly constrained.
However, for ordinary convolutions, the receptive field of the
convolution kernel can access future information, which intro-
duces model latency. For example, for a standard convolution
with kernel size k£ and dilation d , the number of future input
frames required is

) "

oty = |45

where |- |denotes flooring. Most GAN-based neural vocoders,
structured as stacks of non-causal convolutional layers, exhibit
increasing model latency with deeper architectures, which
poses certain challenges for real-time applications.

Causal convolutions layers, as illustrated in Figure 2, avoid
using future information by asymmetrically padding the input
sequence T = [x1, T2, ...,x7| . Due to asymmetric padding,
the last element of the convolution kernel at the current time
step t corresponds to the ¢-th element of the input sequence,
which ensures that the output value yr = [y1,¥2,...,yr] at
time step ¢ depends only on the input x<;, forming a fully
causal operation.

B. Model Structure

As illustrated in Figure 1, for both amplitude and phase
prediction in the DLL-APNet vocoder, causal convolutions
are first employed for input mel spectrogram, followed by K
causal ConvNeXt v2 [21] blocks for deep feature extraction.
The original ConvNeXt v2 block consists of a depth-wise
convolution with a large kernel, two point-wise convolutions,
along with normalization layers and activation functions in-
serted between them. Since the point-wise convolutional layers
are linear and do not introduce latency, we only convert the
original depth-wise convolution into a causal convolution with
the same kernel size to minimize model latency, and named
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Fig. 1: Model structure and knowledge distillation strategy of the proposed DLL-APNet vocoder, where ¢ denotes the phase
calculation formula. During training, part of the parameters of DLL-APNet are trained through knowledge distillation from

teacher model APNet2.

this module as causal ConvNeXt v2 block. At the output of
the amplitude prediction branch, the output of the last causal
ConvNeXt v2 block undergoes post-processing via causal con-
volutions to yield the predicted amplitude spectrum. In contrast
to the amplitude prediction branch, the phase prediction branch
employs a causal parallel estimation architecture (PEA) [13] to
enable explicit phase spectrum prediction. In causal PEA, two
parallel causal convolutional layers are first used to estimate
the pseudo-real and pseudo-imaginary components, and then
they are activated using the two-argument arctangent function
to estimate the wrapped phase directly.

C. Knowledge-Distillation-based Training Criteria

Knowledge distillation strategy is commonly employed to
leverage the superior learning capabilities of a teacher model
to guide the generation of intermediate features in a weaker
student model, thereby enhancing the latter’s performance.
Specifically, we first trained a non-causal APNet2 vocoder,
which serves as the teacher model. Given that causal convolu-
tions can only access current and past information, we leverage
features extracted by non-causal modules in APNet2, which are
capable of utilizing future context, to guide the causal modules
in DLL-APNet student model and enable it to implicitly learn

temporal dependencies within causal constraints. As illustrated
in Figure 1, knowledge distillation is performed after both
the input convolution and each ConvNeXt v2 block. The
L1 distance between the intermediate features of the teacher
and student models, serves as the knowledge distillation loss.
Specifically, we define the output of the input convolutional
layer and the k-th ConvNeXt v2 block (k = 1,...,K) of
teacher model (i.e., APNet2) as O and OSNX. The outputs
of the student model (i.e., DLL-APNet) at corresponding
positions are respectively denoted as O and O,?N X, then the
knowledge distillation loss can be defined as:

Lxp=Ep 5, HO - 5H1 +

K
> Epprs, o |05V 0P| L @
k=1

We employed multi-resolution discriminator (MRD) [25]
and multi-period discriminator (MPD) [1] to supervise the
generated waveforms, ensuring the quality of the synthesized
waveforms across various scales and frequency bands. For the
traning loss, we also introduce the amplitude loss L 4, phase
loss L p, reconstructed STFT loss Lg, and final waveform loss
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TABLE I: Objective evaluation results of the proposed DLL-APNet vocoder and baselines on the VCTK test set.

Causality SNR LAS-RMSE  MCD  FO-RMSE  V/UV error UTMOS  GFLOPS
(dB) t (dB){ (dB)} (cent)| (%) T 1
Natural - - - - - - 4.04 -
BigVGAN X 6.42 3.63 0.90 21.04 3.22 3.97 230.51
HiFi-GAN X 4.15 4.51 1.58 31.61 3.97 3.93 25.65
iSTFTNet X 4.15 5.24 1.87 32.87 4.13 3.93 19.22
APNet2 X 6.56 4.23 0.99 17.38 2.88 4.00 6.30
Vocos X 6.05 3.70 0.80 25.17 3.47 391 2.70
causal HiFi-GAN v 3.00 5.24 2.32 58.06 5.96 3.88 25.66
causal iSTFTNet 4 222 5.84 2.27 54.43 6.37 3.75 19.23
causal APNet2 4 3.63 423 1.63 26.06 4.10 3.90 6.30
causal Vocos v 5.32 4.33 0.89 32.87 4.32 3.87 2.70
DLL-APNet v 6.07 4.29 1.04 20.53 3.16 3.98 6.30
(N Paddi o . ..
\_/ PaddingNode Q Input Node Q Output Node randomly allocated to the training subset, while the remaining
10% constituted the validation set. For the test set, 2,937
Output Layer . ..
utterances were specifically chosen from the remaining 8
unseen speakers, ensuring a disjoint evaluation corpus.
B. Implementation
For our proposed DLL-APNet vocoder!, the amplitude and
phase spectra were computed using the STFT with a frame
OES Input Layer length, frame shift, and FFT size of 320, 80, and 1024,
(a) causal convolutional layer. respectively. Th.e mell spectr.ogran.l was extracted with the
Output Layer same configuration, with a dimensionality of 80. We set the
hyperparameters as K = 8, Ap = 100, A4 =45, and A\g =1
as the configuration in APNet2 [16]. Axp was set to 5 in the
main experiment and we will discuss its selection in Section
V-B1. The model was trained using the AdamW optimizer for
up to 0.5 million steps.
( ’\, ( N Input Layer C. Baselines

(b) Non-causal convolutional layer.

Fig. 2: Illustration of the mapping relationship of causal and
non-causal convolutions, taking a 3x1 convolution kernel with
stride = dilation = 1 as an example.

Ly used in APNet2 [16], and combine them for adversarially
training DLL-APNet, i.e.,

L=ALa+ApLp+AsLs+IwLlw +AxpLrp, (3)
where Ap, A4, Ag, A\w, and Agp are hyperparameters.

IV. EXPERIMENTS SETUPS
A. Dataset

For our experimental setup, the VCTK-0.92 dataset [26]
was utilized, with all speech utterances downsampled to a 16
kHz sampling rate. This corpus comprises recordings from
108 English-speaking individuals, totaling approximately 44
hours of speech material. Regarding data partitioning, we first
extracted samples from 100 speakers. Of these, 90% were

We compared DLL-APNet with BigVGAN [19], HiFi-GAN
[1], iSTFTNet [20], APNet2 [16], and Vocos [2]. We repro-
duced the experimental results using the methods described in
their original paper under our experimental implementation.
For fair comparison, We also reproduced their causal versions
by replace their origin non-causal convolutional layers with
causal convolutional layers.

D. Evaluation Metrics

In the present research, we utilized five objective metrics for
evaluating the quality of synthesized speech. These metrics
consist of the signal-to-noise ratio (SNR), root mean square
error (RMSE) of log amplitude spectra (LAS-RMSE), mel-
cepstrum distortion (MCD), root mean square error of fun-
damental frequency (FO-RMSE), and voiced/unvoiced (V/UV)
error. And we introduced the neural evaluation metric UTMOS
[27] as an objective auditory perception metric. Moreover, the
computational complexity of each model was gauged by the
floating-point operations (FLOPs) needed for generating 1-
second speech.

"Examples of generated speech can be found at our demo page
https://redmist328.github.io/DLL-APNet/.
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V. RESULTS AND ANALYSIS

A. Main Experimental Results

Table I presents the objective experimental results of the
proposed DLL-APNet and baseline vocoders evaluated on the
test set. Comparative analysis between mainstream vocoders
and their causal variants reveals that replacing non-causal
convolutions with causal counterparts leads to varying degrees
of degradation across all speech quality metrics, indicating an
inevitable trade-off between low latency and synthesis fidelity.
Particularly in FO-related metrics (i.e., FO-RMSE and V/UV
error), causal models exhibit substantial performance drops
compared to their non-causal counterparts, indicating that
relying solely on past and current information for prediction
may lead to insufficient information capture, thereby affect-
ing pronunciation accuracy. However, FLOPs measurements
remain nearly unchanged after causal transformation of the
models, suggesting that this process imposes minimal impact
on computational efficiency. Notably, the causal variant of
BigVGAN failed to converge during training, rendering it inca-
pable of generating intelligible speech, thus we didn’t present
its results in Table 1. This highlights that causal adaptation is
not universally applicable to all vocoder architectures.

A comparison between DLL-APNet and causal vocoders
reveals that among all causal vocoders, the proposed DLL-
APNet significantly outperformed others in most speech qual-
ity metrics, validating the effectiveness of our proposed
method. In Table I, the causal APNet2 represents the result of
training DLL-APNet without using the knowledge distillation
strategy (i.e., Lxp = 0). It can be seen that the SNR, FO-
RMSE, V/UV error, and UTMOS metrics of the causal APNet2
all showed significant decreases compared to original APNet2.
After introducing the knowledge distillation training strategy,
these metrics all improve to a certain extent and approach
the level of the original APNet2, indicating the effectiveness
of the knowledge distillation strategy. Although DLL-APNet
ranks second only to causal Vocos in terms of FLOPS, it
surpasses causal Vocos by 0.09 in UTMOS while maintaining
significantly lower FLOPS than other vocoders. These results
provide theoretical justification for deploying DLL-APNet in
real-time and resource-constrained scenarios.

When comparing the proposed DLL-APNet with non-causal
neural vocoders, its objective speech quality metrics are com-
parable to those of other vocoders. Additionally, while its
UTMOS score is second only to APNet2 and higher than those
of other vocoders, it maintains relatively low computational
complexity. This demonstrates that the proposed DLL-APNet
delivers speech quality on par with mainstream vocoders, while
also providing low latency and computational efficiency.

B. Analysis and Discussion

1) Discussion on Distillation Weight Selection: To inves-
tigate the impact of the distillation weight Axp on model
performance, we conducted a series of controlled-variable
experiments on the hyperparameter of knowledge distillation.

001 1 y) 5 10
KD

Fig. 3: The UTMOS curve of DLL-APNet as the distillation
weight Agp varies.

TABLE II: UTMOS results of DLL-APNet with different
distilled numbers of ConvNeXt v2 blocks.

Distilled Numbers 0 2 4 6 8
UTMOS 373 392 395 396 398

Specifically, we set Axp to 0 (meaning no knowledge distilla-
tion strategy is used), 0.1, 0.5, 1, 2, 5, 10, and 20, and explored
the UTMOS performance of the DLL-APNet. The results are
shown in Figure 3. It can be seen that when the hyperparam-
eter value is small, UTMOS increases as the hyperparameter
value increases, indicating the effectiveness of the knowledge
distillation strategy we used. When the hyperparameter reaches
5, UTMOS reaches the maximum value, and then decreases as
the hyperparameter increases. This suggests that Axp should
be appropriately set during training. Too small values would
prevent the knowledge distillation strategy from functioning
effectively, while excessively large values could cause the
model to overly focus on the distillation loss, neglecting other
important objectives such as direct supervision from natural
speech, ultimately degrading speech quality.

2) Discussion on Distillation Position Selection: To investi-
gate the impact of distillation positions on model performance
of DLL-APNet, we designed analytical experiments by varying
the number of distilled layers in the backbone ConvNeXt v2
blocks. Specifically, in our setup with 8 ConvNeXt v2 blocks,
we trained models by varying the number of blocks involved
in knowledge distillation to 0, 2, 4, 6, and 8, respectively. The
UTMOS results are shown in Table II. It can be observed that
speech quality increased with the number of involved blocks,
indicating that the effect of knowledge distillation enhanced
as the model’s participation degree increased. These findings
also provide useful guidance for the design of knowledge
distillation strategies in other speech generation tasks.

VI. CONCLUSION

This paper presents a novel causal low-latency neural
vocoder, DLL-APNet, which explicitly predicts amplitude
and phase spectra from input mel spectrogram using causal-
convolution-based predictors and reconstructs speech wave-
form via iSTFT. To enhance speech quality under causal-
ity constraints, we employ a pre-trained non-causal APNet2
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vocoder as the teacher model to guide the intermediate feature
generation of the proposed DLL-APNet vocoder. Experimental
results demonstrate that DLL-APNet synthesizes speech with
higher quality than other causal vocoders and comparable
to mainstream non-causal vocoders while requiring fewer
computations. Future work will focus on reducing model size
and computational overhead to better suit practical vocoder
applications.
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