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Abstract: This paper explores the integration of model-based and data-driven ap-
proaches within the realm of neural speech and audio coding systems. It high-
lights the challenges posed by the subjective evaluation processes of speech and
audio codecs and discusses the limitations of purely data-driven approaches, which
often require inefficiently large architectures to match the performance of model-
based methods. The study presents hybrid systems as a viable solution, offering
significant improvements to the performance of conventional codecs through metic-
ulously chosen design enhancements. Specifically, it introduces a neural network-
based signal enhancer designed to post-process existing codecs’ output, along with
the autoencoder-based end-to-end models and LPCNet-hybrid systems that combine
linear predictive coding (LPC) with neural networks. Furthermore, the paper delves
into predictive models operating within custom feature spaces (TF-Codec) or pre-
defined transform domains (MDCTNet) and examines the use of psychoacoustically
calibrated loss functions to train end-to-end neural audio codecs. Through these in-
vestigations, the paper demonstrates the potential of hybrid systems to advance the
field of speech and audio coding by bridging the gap between traditional model-based
approaches and modern data-driven techniques.

1. Introduction

Traditional speech and audio coding is a well-established technology, where various model-based
approaches have been effective in compressing raw audio signals into compact bitstrings (encoding)
and then restoring them to their original signal domain (decoding). These models aim to maintain
the original signal’s quality, such as speech intelligibility or other perceptual sound qualities, which
are often subjectively defined. Hence, developing such models typically involves multiple rounds of
listening tests to precisely measure the codec’s performance. Although these models are designed
by domain experts based on their knowledge and experience, finalizing them still requires tuning
their parameters through listening tests and manual adjustments. Figure 1 illustrates the ordinary
development process of model-based coding systems.

The main challenge in traditional codec development is that manual tuning of model parameters

relies significantly on time-consuming and costly listening tests. Successful models have emerged
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Figure 1: An ordinary development process of a model-based, legacy codec. The encoder and
decoder are represented as functions, £(-) and D(-), respectively.

from extensive manual efforts and decades of research, including psychoacoustic models for bit
allocation in MPEG-2 Audio Layer III (a.k.a. MP3) [1, 2], spectral band replication [3], time-
frequency transformation methods such as the modified discrete cosine transform (MDCT) [4], and
speech generation models like linear predictive coding (LPC) [5], to name a few. However, standard
speech and audio codecs typically consist of multiple heterogeneous coding blocks that interact with
one another, complicating the tuning task.

Meanwhile, data-driven approaches have also been successfully introduced to conventional
codecs as their components. For example, unified speech and audio coding (USAC) [6, 7] employs
a classification module to detect the transient events from the input signal and then use the appropri-
ate coding module accordingly, i.e., by increasing the temporal resolution of the TF transform in the
transient period, and vice versa. Enhanced voice services (EVS), the latest 3GPP standard for voice
communication, comes with the voice activity detection (VAD) feature, or more precisely, signal
activity detection (SAD) [8]. Due to its discriminative nature, which specifies whether each 20 ms
frame contains a meaningful signal, it can be essentially considered a binary classification module,
too. Finally, Opus, a royalty-free and open-source audio codec, also utilizes a small neural network-
based classifier for VAD and music/speech classification [9]. Training those classification models
in a completely data-driven way is not entirely straightforward due to the fact that the ground-truth
labels of these sound events, and consequently, the classification performance, should be defined to
improve the perceptual quality of the decoded signals. The intricacy hinders the researchers from
investigating structural variations of the coding system, compared to a typical supervised learning
setup where pre-defined classes manually label training samples.

Recently, data-driven methods for coding have gained intensive attention. In these neural speech
and audio coding (NSAC) systems, a simple approach is to postulate an autoencoding task that re-

constructs the input signal as exactly as possible in its output. In the meantime, to achieve the
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Figure 2: An end-to-end neural codec trained in a data-driven way. The encoder and decoder
are now a parametric function, parameterized by 8" and 69, respectively. Loss functions are
employed to compute the reconstruction error, which is used to update the model parameters via
gradient descent methods, e.g., backpropagation.

signal compression goal in the autoencoding pipeline, it is typical to decompose the system into two
parts: an encoder module that produces a latent representation, followed by a decoder that recovers
raw signal from the intermediate variable (Figure 2). Hence, it is critical to impose additional con-
straints on the encoder output so that it works as the code for transmission. For example, the code
vector is supposed to be low in dimensionality and robust to quantization for the maximum coding
gain. Such autoencoders can be trained in an end-to-end fashion with an adequately defined recon-
struction loss as well as an additional entropy control mechanism. Kankanahali proposed a neural
speech coding model [10] that consists of fully convolutional encoder and decoder modules, whose
bottleneck feature map is discretized via the soft-to-hard quantization method [11]. Although this
seminal end-to-end setup was successful to some degree, it fell short of competing with the legacy
speech codec, e.g., adaptive multi-rate wideband (AMR-WB) [5]. More recently, such end-to-end
autoencoder-based codecs have achieved higher coding gain, e.g., Soundstream [12], EnCodec [13],
and Descript Audio Codec (DAC) [14], where residual vector quantization and adversarial loss func-
tions play big roles. Another line of seminal work chose a powerful decoder architecture. A highly
effective generative model, WaveNet [15], was employed as the decoder, which is trained to re-
synthesize the speech signal by being indirectly conditioned on the very low-bitrate deterministic
codes defined in the Codec 2 system [16] as shown in [17] or codes learned from vector-quantized
variational autoencoder (VQ-VAE) as in [18]. While these systems achieved phenomenal perceptual
performance, they came at the cost of WaveNet’s high computational complexity.

In this paper, we review the recent literature and introduce efforts that merge the model-based
and data-driven approaches to improving speech and audio codecs. In addition to the prior re-
view article that focused more on speech coding [19], we provide novel perspectives to the recent



NSAC literature by encompassing various important concepts, such as generative, predictive, and
psychoacoustic models, in the context of reviewing data- and model-driven approaches as well as
their harmonization. We begin with a general introduction to speech and audio codecs, including
how they are related to some important application scenarios and what kind of requirements are
commonly imposed on codecs. Based on this, we will situate the NSAC systems in the context of
coding technologies. Then, we move on to a straightforward serialization of the traditional codec
and a signal enhancement model that is trained to improve coding artifacts. Subsequently, we intro-
duce exemplar codecs that achieved a more structural integration of the two different methods: one
that harmonizes the recurrent neural networks’ prediction power into the LPC process and another
trend where such learning-based prediction improves transform-based audio codecs. Finally, we see
empirical evidence that the well-established psychoacoustics model can inform the learning process

by manipulating the loss function.

2. Potentials and Limitations of NSAC

Modern speech and audio codecs can be grouped into two categories based on their application.
First, codecs are heavily used in communication scenarios where multiple end users are involved.
The predominant content, in this case, is spoken language. Hence, codecs are required to process
speech in real-time or with a delay low enough for people not to recognize. Digital voice communi-
cation applications that use voice over Internet Protocol (VoIP) are representative examples. Since
voice communication can happen between mobile (i.e., resource-constrained) devices nowadays, it
is also very important for codecs to operate with minimal computational and spatial complexity. In
addition, there is an increasing need to handle mixed contents in communication scenarios, such as
non-speech signals mixed with users’ utterances, necessitating communication codecs to be robust
to various contents in adversarial environments. Finally, depending on the bandwidth of the com-
munication channel, this type of codec may be required to operate in low bitrates, e.g., lower than
10 kbps.

Second, codecs can be used in a more uni-directional application scenario, such as for media
streaming, digital broadcasting, storing music signals, etc. In these uni-directional applications, the
user on the decoder side tends to be less sensitive to the delay. Instead, listeners are often more
sensitive to the subtle discrepancies and artifacts that the codecs generate, e.g., in music listening.
Consequently, these media codecs are designed to provide a high-fidelity reconstruction for various
input audio signals, including speech, music, mixed, and multichannel contents.

Although NSAC systems are evolving in the direction that tries to meet the requirements men-
tioned above, they possess inherent characteristics that come from their data-driven nature. One of
the most distinctive factors is the high computational complexity, which ranges from 100G floating-
point operations per second (FLOPS) in a large autoregressive model, e.g., a WaveNet decoder [17],
to a relatively efficient LPCNet decoder, which still requires 3 GFLOPS in its original version [20].
Meanwhile, one of the standard speech codecs, AMR-WB, can decode with only 7.8 weighted mil-

lion operations per second (WMOPS) [21]. Likewise, although a direct and rigorous comparison is



impossible, neural codecs are multiple orders of magnitudes more complex than traditional codecs.
While it is expected that more advanced hardware architecture for neural network inference could
make neural codecs more affordable on devices, it is clear that reducing computational complexity
is a common goal in designing neural codecs for on-device processing. In addition, the high com-
putational complexity hinders real-time processing as the system consumes much more resources
to process every frame in time.

On the other hand, some neural speech codecs have shown sensible improvement in compres-
sion ratio while keeping the same level of speech quality with traditional codecs, i.e., from “Good”
[17, 20] to “Excellent” [18] in multiple stimuli with hidden reference and anchor (MUSHRA) [22]
at the cost of higher complexity. Neural speech codecs’ very low bitrates can also improve their
robustness to packet loss because the low bitrates allow for redundantly many packets for com-
munication [23]. Another potential convenience in developing neural codecs is that it is relatively
more straightforward to develop a universal codec that works for both speech and non-speech audio
signals by training the model with various types of audio signals in a data-driven fashion. However,
so far, the literature has shown that dedicated neural speech codecs can achieve better speech re-
construction than attempting to handle general audio signals. Indeed, general-purpose high-fidelity
audio coding still remains a challenge for neural audio codecs despite substantial potentials shown
in some neural audio codecs in low bitrates (< 12 kbps) [12, 13, 14]. Note that the subjective lis-
tening test results reported in various NSAC papers are not directly comparable as they were done
with different combinations of coding systems, adding more subjectivity to the individual results.
Instead, in this paper we discuss their general trend. In addition, we opt to use the term NSAC to
encompass both neural speech and audio codecs, because they can be potentially extended to cover
both types of signals in the future.

3. Data-Driven Approaches to Removing Coding Artifacts

Depending on the characteristics of the underlying model, a codec can produce unique coding arti-
facts, which can lower the perceptual quality of the decoded signal. In theory, we can postulate a
general-purpose signal enhancement system, trained to reduce various types of coding artifacts by
mapping decoded signals to their original inputs. However, in practice, learning such a mapping
function through a data-driven approach by focusing on a specific type of codec and the signals it
processes is more feasible. Let F(-) represent a legacy codec, which can be decomposed into the
encoder £(-) and decoder D(-) modules:

rx &<+ F(x) =Do&(x). (1)

With this framework, we can propose an additional parametric model trained to map the decoded

signal & back to the original, unprocessed input x,

r~T < G(x;0), 2)



where the training process, e.g., a variation of gradient descent, updates the model parameter 6 to
the direction that can minimize £(x||), which is a pre-defined metric that measures the difference
between the two signals. In other words, with the additional denoising process introduced by G(-),

we hope the quality of the decoded signal improves in terms of the loss function £(-):
L(z||z) < L(z||#). 3)

This pipeline is convenient to implement because the only learnable module, G(+; ), can be
concatenated with any existing codec after it has been trained to enhance & into &. It is because the
underlying codec, F(-), is presumed to be already fully configured or frozen from the perspective
of the learning algorithm.

Moreover, this post-processing approach does not increase bitrate. Typically, signals in commu-
nication are transmitted in encoded data, i.e., h < £(x), with the decoder located on the receiver
side. Therefore, any operations performed after decoding, such as G(&; ), do not impact the bi-
trate or alter the behavior of the encoder, rendering the post-processing module a bitrate-free signal
enhancer.

The drawback of this approach is that the codec and enhancement module are segregated. The
ability to utilize any existing codec also implies that the codec’s inherent characteristics remain un-
changed and do not directly benefit from the data-driven approach. Consequently, the enhancement
module G(+;0) may struggle to eliminate codec-specific artifacts, necessitating substantial model

capacity and increasing decoding complexity.

3.1 Supervised Signal Enhancement Models for Post-Processing

In [24], convolutional neural network (CNN) models were introduced to enhance coded speech,
serving as an alternative to the G(+; @). The authors experimented with two distinct versions, one
operating directly in the time domain in an end-to-end process, and another leveraging cepstrum
features. In comparison to traditional post-filtering methods employed by G.711 [25], their ap-
proach demonstrated noticeable improvements across various objective metrics and listening tests.
This method closely parallels the supervised DNN-based speech enhancement problem, where the
primary objective is to eliminate any undesired artifacts from real-world speech recordings. Specif-
ically applied to coded speech, the model was trained to remove the coding artifacts.

As for audio coding, both CNNs and recurrent neural networks (RNN) have been utilized to
enhance the MP3-compressed signals [26]. Among them, a long short-term memory (LSTM) net-
work has been effectively used to predict signals in the time and frequency domains defined by the
modified discrete cosine transform (MDCT), referred to as T- and F-LSTM, respectively. The TF-
LSTM method improved the subjective quality in terms of mean opinion score (MOS), particularly
when the post-processing is applied to the more demanding stereophonic signals at 96kbps or on

the 64kbps mono signals.



3.2 Generative Models as a Post-Processor to Enhance Coded Speech

Since the coding artifacts primarily stem from information loss rather than additive noise, supervised
learning-based approaches may face challenges in imputing missing values. Therefore, exploring a
more generative approach for addressing the codec-specific enhancement issue is justifiable.
Biswas and Jia proposed a generative adversarial network (GAN) [27] to enhance the perfor-
mance of the AAC codec [4] at low bitrates, namely deep coded audio enhancer (DCAE) [28].
Utilizing the GAN formulation, the enhancement network functions as the generator, trained to

generate realistic examples from random noise n drawn from the standard normal distribution,
T« G(z,n;0g), n ~N(0,1). 4)

Note that, the enhancement network G(-) now acts as a generator, which takes both the decoded
audio & to be enhanced and random noise n to add stochasticity to the process.

Furthermore, the generated examples are examined by a discriminator C(-; 0¢), which acts as a
binary classifier trained to differentiate between synthetic and real-world examples. Consequently,
the ultimate objective of GAN training is to reach a Nash equilibrium, a state where the discriminator
fails to tell the difference between the real and fake examples. To mitigate the AAC codec’s artifacts,

the original GAN formulation was modified in the following manner:

L£6(06) = Enn(01), dpans () | (C(& @5 0¢) — 1)°] + ABaropy, (@) |E — |1, (5)
Le(0c) = By srpis () | (C (2, 25 6¢) — 1)2} + N (0,1), dpans () [C(E, 83 00)%]. (6)

Eq. (5) defines the loss Lg as a function of the generator parameters 8g. Beyond the stan-
dard reconstruction loss ||& — x||; term, the first loss term also encourages the generator output &
to be classified as 1, the “real” examples category, by deceiving the discriminator. Note that the
expectation spans two distributions, A/(0; 1), responsible for generating the random noise n that
introduces stochasticity into the generator (eq. (4)), and the sample distribution of the training set
Pdata (), Whose sample deterministically goes through the coding process and defines the decoded
signal &, too. In doing so, the fake example & is appended by the decoded signal & to give more con-
text to the classifier, i.e., C((&, ). Likewise, aside from the typical reconstruction loss ||& — x||1,
within the GAN context, the generator’s performance is evaluated only by the fake example pairs,
(Z, ).

On the contrary, the discriminator C(-), as a classifier, also requires exposure to real example
pairs, (, ). In this case, since the examples are real, they must also be assigned label 1. The
discriminator loss L¢(6¢) is defined over the discriminator parameters 6, aiming to minimize the
disparity between the predicted class of the real example pair (x, &) and label 1, while pushing the
prediction of the fake example pair (&, ) to be near zero. Note that the second term of the discrim-
inator loss L¢(6¢) and the generator loss Lg(60g) are in conflict, contributing to the instability of
GAN training.

The GAN-based method significantly enhanced the AAC codec’s performance at 24 and 32



kbps, achieving an impressive gain of 10 to 14 points on average in MUSHRA tests for both speech
and applause signals. While the baseline AAC codec is designed for general-purpose audio coding,
the GAN training was specifically conducted on speech dataset or applaud samples, each treated
independently.

PostGAN introduces a more sophisticated approach, featuring advanced functionalities, such as
subband processing and online processing with a minimal algorithmic delay of 10 ms [29]. Originat-
ing from the low-delay Bluetooth codec, LC3 [30], PostGAN has demonstrated superior capabilities

in enhancing the speech quality of decoded signals.

4. Learning to Predict Speech Signals

The supervised signal enhancement models as well as their GAN variations introduced a sensible
quality improvement to the traditional coding pipeline. Although the detached nature of the post-
processor and the codec is convenient, the pipeline leaves room for structural innovation.

We start with the modeling of speech signals. It has long been known in the literature that a
source-filter model can effectively explain the speech generation process [31]. In this model, the
source signal produced by the glottal vibration is filtered by the vocal tract to produce the formant
effects. Traditional speech codecs have widely used the simple linear predictive coding (LPC)
scheme to model the speech signal, by isolating the vocal tract’s effects from the spectrum via a

simple linear prediction model,
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where p is the order of LPC and e; stands for the residual between the sample x; and the prediction
uz, which could be a low-energy, quasi-periodic, and impulse-like signal if modeling is successfully
done on the periodic component of speech, e.g., voiced areas. Once quantized, the LPC coefficients
a- account for relatively low bitrates, e.g., 2.4 kbps via multistage vector quantization in AMR-WB,
whose total bitrate varies from 6.6 to 23.85 kbps. Therefore, the codec’s performance depends on

how much coding gain it achieves in compressing the residual signal e;.

4.1 End-to-End Codec for LPC Residual Coding

A straightforward way to combine neural coding and LPC is to replace the traditional speech coding
module that operates in the LPC residual domain with an end-to-end autoencoder. Hence, eq. (1)

can be redefined by taking the residual signal e as follows:
exé<+ F(e)=Do&(e). (8)

In other words, if the autoencoding performance improves, a better residual reconstruction on the

decoder side contributes to better LPC synthesis. Figure 3 depicts the general concept.
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Figure 3: LPC as a pre-processor of an end-to-end coding system.

In [32], this concept was empirically proved: instead of compressing the raw speech signal

directly via a CNN-based autoencoder as in [10], coding in the LPC residual domain can achieve

a better perceptual quality at the same

bitrate. In addition to the simple concatenation of LPC and

CNN, the follow-up work investigated the dynamic bit allocation option between the LPC and the
autoencoder modules depending on the type of the signal at the moment, increasing the coding
gain even further [33]. In this line of work, cross-module residual learning (CMRL), LPC acts as

the first module that explains the input signal, whose residual signal is modeled by the subsequent
end-to-end autoencoders, one after another.
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Figure 4: The LPCNet codec’s synthesis process on the receiver side. This figure was redrawn based

on the original one in [20].



A more sophisticated approach to combining the model-based and data-driven methods is LPC-
Net. It was originally proposed as a general-purpose vocoder, and then soon developed into a codec
by being able to synthesize speech from a very low-bitrate (1.6 kbps) cepstrum-based code [20].
The main idea of LPCNet-based vocoding on the receiver side is, first, to estimate the LPC coeffi-
cients a, from the quantized cepstrum code h. Secondly, the transmitter does not send the residual
signal e, although it is essential for LPC synthesis. Instead, LPCNet employs an RNN-based data-
driven module that predicts the missing residual signal from the other available information within
the decoder, such as the past samples generated so far [#;_p,...,#;—1], LPC prediction wu;, and

an auxiliary feature vector an auxiliary feature vector f induced from the code h (Figure 4 for an

illustration):
f — Dframe(h) (9)
Uty A1y - -5 Qp (—Dch(h, [i‘t,p,...,i‘t,ﬂ) (10)
€t %’Dsample(ét—la@t—lautaf) (11)
.’i‘t = ét + U, (12)

where the frame-rate network Dygame (h) converts the code of the given frame into a feature vector
f. Meanwhile, Dy pc(-) conducts the LPC coefficients estimation, and consequently, the prediction
of the next sample u;, from the code h and the past samples predicted by the LPCNet vocoder so far
[¢—p, - .., Z—1]. Finally, the sample-rate network Dgampic(-) conducts the estimation of the residual
signal é; out of all available information, i.e., the previous estimation of the residual é;_; and the
reconstructed utterance sample ;_1, LPC prediction u;, and the frame-rate feature f.

LPCNet employs a WaveRNN [34] architecture based on the gated recurrent units (GRU) [35].
Trained to predict the residual sample, the transmitter is liberated from the burden of compressing
the residual signal. Meanwhile, since the code is still based on the cepstrum and pitch information,
the frame-level feature inferred from it further assists the synthesis process. Finally, LPCNet attains

low computational complexity, suitable enough for real-time communication applications.

5. Learning to Predict Speech and Audio Signals in the Feature Space

A widely used principle in coding, as in LPC-based ones, is to use a predictive model, assuming that
the distribution of the residual samples between the original and predicted signals is with lower en-
tropy. Since entropy serves as the lower bound of the bitrate, residual coding is generally beneficial
once the model’s prediction is good enough.

Meanwhile, the basic idea behind an end-to-end neural codec, as described in Figure 2, is to
convert the raw signal into the feature space where a code vector h can be quantized more effec-
tively. Since quantization happens in the feature space in neural codecs, it is natural to employ
residual coding in the feature space rather than in the raw signal domain.

Figure 5 illustrates the general residual coding concept implemented in the feature space. First,
the raw samples at the ¢-th frame x; is converted into the feature space, where quantization could

10
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Figure 5: Residual coding in the feature space. h; and e; stand for the code and residual vectors at
the ¢-th frame, while the = and ~ notations indicate that the variables are predicted and quantized
versions, respectively.

be conducted if it were not for residual coding. The transformation can be done in a model-based
approach, e.g., by using MDCT, but a data-driven method can also learn a custom feature space,
e.g., by a CNN encoder £(+).

Next, on the sender side, the codec utilizes a predictor module WWP™4(.) to predict the cur-
rent code vector h; from its preceding feature vectors. In theory, WP™4(.) can be trained using p
ground-truth features in the past, i.e., [l;—p, ..., h¢—1], but a more robust set up is to use a series of
reconstructed features [ﬁt_p, ey ﬁt_l] that are the reconstructed feature vectors that the receiver
accumulates in its buffer to use as the past examples for prediction. Hence, we write the prediction
function,

hy < WP (. By ) (13)

The reason why the predictor becomes more robust when it was trained to predict from the recon-
structed features is that, in this way, the predictor is trained to encompass the potential reconstruc-
tion error in its prediction process, which the receiver has to deal with during the test-time inference.
Note that the same predictor module is shared between the sender and receiver.

The prediction vector hy is compared against the original feature h;, and then the residual signal
e, is induced. Here, the residual can be computed in a straightforward manner, i.e., e; + h; — i‘bt,

although a more involved residual learner can be employed as follows:

€ — We(ibt,ht). (14)

11



After quantization, the residual feature vector e; is sent to the receiver for decoding. At the
same time, the dequantized version €; is harmonized with the prediction h; back again to form the
reconstruction h;. Once again, the reconstruction can be as simple as a summation, i.e., h; <
é; + hy, but it could also employ a neural network module that synthesizes the reconstruction as
follows:

hy — W (hy, &). (15)

The system can choose to utilize p such reconstructed features as a sequential input to the
predictor module Wpred(ﬁt_p, ..., hy_1), whose prediction hy is fed back to the pipeline as the
input to the residual learner (eq. (14)) and synthesizer (eq. (15)).

The receiver operates similarly: (a) it reconstructs p features using the same synthesizer as in
eq. (15) using the transmitted residual signal after dequantizing it, &;, as well as the corresponding
frame’s prediction th (b) the reconstructed features h; are accumulated for predicting the next
frame’s feature ilt (c) finally, a decoder function converts the reconstructed feature back to the raw
signal &y.

Likewise, the merit of this approach is that the neural codec can additionally benefit from the
temporal context of the signal, which can span longer than learning from the raw signal due to the
frame-level prediction that decimates the original temporal resolution. As in other model-based
approaches, once the prediction model is successful, the residual signal’s energy reduces, which

usually leads to a lower entropy.

5.1 Feature Prediction for the LPCNet Codec

A GRU-based predictive model [36] introduced additional coding gain to the LPCNet codec, which
corresponds to the prediction module in eq. (13). It aligns with the general concept shown in Figure
5, except for its own specific configurations. First of all, since it employs a GRU model, which uses
its hidden units y to summarize the past information, the prediction model does not need to maintain

a buffer of past feature reconstructions. We can rewrite this GRU-based predictor as follows:
’Altvyt A Wpred(ﬁt—layt—l), (16)

where y;_1 essentially summarizes all previous features the GRU model has been exposed to.
Another unique setup is that, instead of using a neural network encoder £(-), it inherits the
cepstrum-based code space that LPCNet uses. In addition, the residual signal and the reconstruction

are conducted via the simple subtraction and addition operations, i.e.,
e <— ht — iLt, Bt — ilt + é;. (17)

Finally, as for the decoder that recovers raw signals from the predicted feature hy, the original
LPCNet is directly used as a vocoder. The residual coding scheme introduced additional coding
gain, e.g., about 5 points higher at a lower bitrate (1.47 kbps) than LPCNet’s (1.6 kbps) in the
MUSHRA test.

12



5.2 TF-Codec

TF-Codec [37] is equipped with various useful components, such as VQ-VAE, distance Gumbel-
Softmax for rate control, and learnable 2D CNN encoder £(-) and decoders D(-). Moreover, as a
codec that actively predicts features and conducts residual coding, it is noticeable that they tried two
different architectures for prediction YWP®4(.), a 2D CNN and attention model-based one, respec-
tively. Coupled with the custom encoder’s ability to learn a suitable latent space, as well as the more
sophisticated residual learner WW© and synthesizer W functions, TF-Codec achieves high-quality
speech reconstruction at very low bitrates, e.g., 1 kbps.

5.3 MDCTNet

MDCTNet is another predictive method that works in the MDCT-transformed domain, making it
compatible with the existing model-based audio codecs [38]. The overall architecture is more simi-
lar to the decoder-only neural codecs, such as the WaveNet speech codec [17] or LPCNet [20], than
the above-mentioned predictive codecs, in the sense that prediction is not to compute the residual
signal. Instead, the generative MDCTNet operates only on the decoder side to estimate the MDCT
coefficients directly.

Figure 6 illustrates the simplified MDCTNet codec architecture. On the encoder side, the input
frames are transformed into a series of MDCT coefficient vectors, which are perceptually weighted
via a psychoacoustic model and then quantized into the bitstream. The receiver takes the dequan-
tized coefficient vectors h;, but instead of transforming them back to the time domain directly, it
only uses them to condition the generative MDCTNet, which consists of three prediction networks.
First, a temporal prediction model (a two-layer GRU module) performs per-band temporal predic-

tion out of the past time frames,
Ry = W™ (i1 he), (18)

where iALbﬂf stands for the predicted MDCT coefficient at time frame ¢ and frequency subband f. The
GRU hidden states are omitted for notational brevity. Note that the model is conditioned with the
quantized code vector ’_lb7t, which improves the prediction accuracy via extra information.

In addition, MDCTNet also employs a cross-band prediction module, which is a CNN layer that

takes past information from the adjacent subbands, i.e., b — 1 and b + 1,
i"/b,t — ngss(ilbq,tq, ’Alb+1,t71; hy). (19)
Finally, the frequency-domain GRU module predicts the higher subband from the lower ones,
ilb,t <~ Wfreq(ilbfl,t; ilm ilb,t)~ (20)

where the frequency predictor is conditioned with the temporal prediction ’t)‘bﬂf achieved so far.

The MDCTNet codec also employs various other techniques that make the system more robust,
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Figure 6: The simplified architecture of the MDCTNet codec.

such as sending the perceptual envelopes and window sequence separately, although we relegate
the details to the original paper [38]. In this article, we emphasize that the predictive nature of the
MDCTNet mitigates the decoder’s dependency on the code, hy, so that its performance in the low
bitrate (24 kbps, for example) is on par with Opus at 48 kbps.

6. Psychoacoustic Models for Perceptual Loss Functions

A fundamental issue with the data-driven approach to coding is that, during training, the quality
of the decoded signals can be measured only in an objective way, e.g., using signal-to-noise ratio
(SNR), etc. This is due to the nature of the gradient-based optimization algorithm that relies on the
differentiation of the loss function with respect to the model parameters. Oftentimes, those objective
metrics reflect only a certain aspect of the perceptual quality of the signal, leaving a gap between the
perceived quality of the codec’s output signal and its loss value, i.e., a signal with a high objective
score does not necessarily sound good to human ears. This kind of issue can be more sophisticated if

the codec has to maintain subtlety during its processing, such as for music signals with high fidelity.
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One of the primary reasons behind the success of prevailing audio coding technology is its use
of psychoacoustics. More specifically, according to the simultaneous masking phenomenon, a loud
peak in a subband (masker) lifts up the masking threshold around it (critical band), making the
nearby softer peaks less audible. Using this phenomenon, a dynamic bit allocation algorithm can
adaptively assign bits based on the relationship between the quantization error and the masking
threshold.

In MPEG audio coding, for example, MP3 or advanced audio coding (AAC), the bit allocation
algorithm uses the noise-to-mask ratio (NMR). Given a masker tone’s logarithmic power spectrum
density (PSD) in the b-th critical band Sj, the psychoacoustic model determines a masking threshold
value M in all subbands f affected by the masker, which defines the signal-to-mask ratio (SMR),
i.e., SMR = S, — M;. Meanwhile, if there are m bits allocated for that subband f, which creates a
noise level of Ny, the signal-to-noise ratio (SNR) is defined by SNR(m) = S, — Ny. Eventually,
NMR is defined as the difference (in decibels) between SNR and SMR,

NMR (m) = SMR — SNR(m). 1)

In other words, unless the quantization noise associated with the currently available bits m is louder
than the masking threshold, the NMR value is negative and the noise is inaudible. Hence, the bit
allocation algorithm prioritizes and assigns more bits first to the subband with the largest NMR

value during its iteration.

6.1 Psychoacoustic Calibration of Loss Functions

Likewise, psychoacoustic models (PAM) have been the crucial component of many traditional au-
dio coding systems. Since PAM’s main usage is to make the system’s behavior closer to human
perception, a natural way to harmonize the concept with a data-driven method is to use it to redefine
the training objectives.

In [39], two different approaches to psychoacoustic calibration were proposed to improve the
loss function’s relevance to human perception. In their first proposed loss function, priority weight-
ing, the reconstruction loss is defined as a sum of subband-specific losses, each of which is weighted

by the perceptual importance:

Lpw(t) = wa(Xf — Xf)Q, (22)
f

where Xy and X ¢ are the magnitude of the Fourier spectrum at subband f and its reconstruction,
respectively. The frame index ¢ is omitted from the equation for brevity. Since the loss is a weighted
sum of subband-specific reconstruction loss, the weights w play a big role. For a given input time
domain frame x and its logarithmic PSD Y, the perceptual weight vector w is defined by

100.1Yf
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to give more weight to perceptually relevant subbands. For example, the weight reaches zero when
the mask becomes very large while the signal is very soft, reducing the significance of the sub-
band’s contribution to the loss. The rationale behind this loss is threefold: (a) when w; is small due
to the insignificant perceptual importance of f, the neural codec is allowed to produce a substantial
amount of reconstruction error (b) with the relaxed optimization goal, a more compact neural net-
work may still achieve the same perceptual quality (c) a lower bitrate code h is still acceptable as
the quantization artifacts are allowed in those unimportant subbands.

Noise modulation is another perceptual loss derived from psychoacoustics. More similarly to

MP3’s bit allocation algorithm, it computes NMR and turns it into a loss function as follows:

Ny
Lam(t) = max (ReLU (Mf - >> : (24)
With the help from the rectified linear unit (ReLU) function, the subband with reconstruction noise
Ny higher than the mask My, i.e., Ny/M; > 1, forms a positive loss value, although the max
function follows to scan all subbands to select the most significant case. Hence, during training, an
input frame is assessed by the noise modulation loss function multiple times over multiple epochs,
while the most critical subband (i.e., with the highest NMR value) is addressed each time. After
multiple rounds of successful optimization, the coding artifacts in the high NMR subbands are
suppressed.

In [39], it was reported that the priority weighting loss based on PAM [2], when it was added
to the ordinary reconstruction loss terms, led to a bitrate reduction from 79 to 64 kbps as well
as a model size reduction by half while maintaining the same perceptual quality. Coupled with
the noise modulation loss, the 64 kbps model achieves about 6 MUSHRA points higher than the
priority weighting-only model, showcasing the merit of the combination of the two loss functions.

Follow-up works investigated similar PAM-based loss functions on speech coding [40].

7. Conclusion

In this paper, recent neural speech and audio coding systems were presented as an example of
successful harmonization of model-based and data-driven approaches. Various model-based ap-
proaches have been proposed and commercialized in the past few decades, which an entirely data-
driven approach cannot easily catch up with due to the highly subjective evaluation process of the
speech and audio codecs. Carefully designed hybrid systems, which also tend to benefit from a
sufficiently large architecture, can be an alternative, introducing sensible coding gain to the already-
saturated conventional codecs’ performance. The paper first introduced a neural network-based sig-
nal enhancer as a post-processor of existing codecs. CMRL and LPCNet were another useful type
of hybrid systems, where LPC was harmonized with the neural network-based end-to-end codec
and vocoder, respectively. The paper also explored predictive models that work either in the custom
feature space or pre-defined transform domain. Finally, we saw that psychoacoustic models can be

effectively used in the data-driven training paradigms by improving the perceptual relevance of the
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loss function.
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