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Abstract

Deep generative models can generate high-fidelity audio conditioned on various
types of representations (e.g., mel-spectrograms, Mel-frequency Cepstral Coef-
ficients (MFCC)). Recently, such models have been used to synthesize audio
waveforms conditioned on highly compressed representations. Although such
methods produce impressive results, they are prone to generate audible artifacts
when the conditioning is flawed or imperfect. An alternative modeling approach is
to use diffusion models. However, these have mainly been used as speech vocoders
(i.e., conditioned on mel-spectrograms) or generating relatively low sampling
rate signals. In this work, we propose a high-fidelity multi-band diffusion-based
framework that generates any type of audio modality (e.g., speech, music, envi-
ronmental sounds) from low-bitrate discrete representations. At equal bit rate,
the proposed approach outperforms state-of-the-art generative techniques in terms
of perceptual quality. Training and evaluation code are available on the [face-
bookresearch/audiocraft github project. Samples are available on the following
link!

1 Introduction

Neural-based vocoders have become the dominant approach for speech synthesis due to their ability to
produce high-quality samples [Tan et al.l 2021]]. These models are built upon recent advancements in
neural network architectures such as WaveNet [|Oord et al., 2016] and MelGAN [Kumar et al.| 2019],
and have shown impressive results in generating speech with natural-sounding intonation and timbre.

In parallel, Self-Supervised Learning (SSL) applied to speech and audio data [Hsu et al., 2021} jvan den
Oord et al., 2019] have led to rich contextual representations that contain more than lexical content,
e.g., emotion and prosody information [Kharitonov et al., 2022| [Kreuk et al.,|2022a]]. Generating
waveform audio from such representations is hence a new topic of interest [Liu et al., 2019, |[Polyak
et al.| [2021, [Huang et al.l 2022]. This is often performed in a two stage training pipeline. First, learn
audio representations using SSL objectives, then, decode the speech using Generative Adversarial
Networks (GAN) approach such as the HiFi GAN model [Kong et al.| 2020al]. Even though these
methods perform well, they are known to be unstable, difficult to train and prone to add audible
artifacts to the output waveform.

Compression models [Zeghidour et al., 2021, [Défossez et al., 2022]] can also be considered as SSL
models that use the reconstruction loss as a way to learn meaningful representations of the data. Unlike
models described before, compression models are trained in an end-to-end fashion, while learning
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Figure 1: MuLTI-BAND DIFFUSION process (resp. reverse process). The rst step consists of a
reversible operation (EQ Processor) that normalizes the energy within frequency bands to resemble
that of a standard Gaussian noise. The audio is then Itered into non-overlapping bands. Each band
has its own diffusion process using a speci cally tuned version of the progmsedr noise schedule

both audio representation (often a discrete one) and synthesis, and can model a large variety of audio
domains. They are optimized using complex combinations of speci cally engineered objectives
including spectrogram and feature matching, as well as multiple adversarial [osses [Défossez et al.,
2022]. Even though they have impressive performance compared to standard audio codecs, e.g.,
Opus [Valin et al.| 2012], they tend to add noticeable artefacts when used at very low bit rates (e.g.
metallic voices, distortion) that are often blatantly out of distribution.

After model optimization the learned representation can also be used for different audio modeling
tasks! Kreuk et &l| [2022b] presented a textually guided general audio generation. Wang et al. [2023]
proposed a zero shot text to speech approach. Agostinelli ét al.|[2023] demonstrated how such
representation can be used for text-to-music generation, while Hsulet al| [2022] followed a similar
modeling approach for silent video to speech generation.

In this work, we presen¥luLTI-BAND DIFFusION (MBD), a novel diffusion-based method. The
proposed approach can generate high- delity samples in the waveform domain of general audio,
may it be speech, music, environmental sounds, etc. from discrete compressed representations.
We evaluate the proposed approach considering both objective metrics and human studies. As we
demonstrate empirically, such an approach can be applied to a wide variety of tasks and audio
domains to replace the tradition@AN based decoders. The results indicate that the proposed
method outperforms the evaluated baselines by a signi cant margin.

Our Contributions: We present a novel diffusion based model for general audio synthesis. The
proposed method is based on: (iband-speci ¢ diffusion model that independently processes
different frequency bands, allowing for less accumulative entangled errorsfréfy@ency equalizer

(EQ) processorthat reduces the discrepancy between the prior Gaussian distribution and the data
distribution in different frequency bands; and (iii) A noymwer noise schedulerdesigned for

audio data with rich harmonic content. We conduct extensive evaluations considering both objective
metrics and human study, demonstrating the ef ciency of the proposed approach over state-of-the-art
methods, considering both GAN and diffusion based approaches.

2 Related work

Neural audio synthesis has been originally performed with sample level autoregressive models such as
Wavenet/[Oord et al., 2016]. This type of architecture is notoriously slow and dif cult to train. Speech
synthesis is one of the dominant area of audio synthesis research. Vocoders are models designed to
generate waveform speech from low level phonetic or acoustic features. Different approaches, often



conditioned on mel-spectrograms, have been explored for this task, including GAN-based methods
such as HiFi-GAN [Kong et al., 2020a, Kumar et al., 2019]. Polyak et al. [2021] used HiFi-GAN on
other types of conditioning. This method generate speech conditioned on low bit rate representations
learned from self-supervised methods such as HUBERT [Hsu et al., 2021] VQ-VAE [van Niekerk et al.,
2020] or CPC [van den Oord et al., 2019] together with the fundamental freqfigrayd a speaker
embedding. By using only a few centroids for clustering, the speech content representation becomes
largely disentangled from the speaker and the fundamental frequency (f0), enabling controllable
speech generation.

Diffusion-based vocoders are inspired by the recent success of diffusion for image generation [Ho
et al., 2020, Saharia et al., 2022, Dhariwal and Nichol, 2021, Ramesh et al., 2022]. Kong et al.
[2020b] introduced Diffwave, a diffusion-based vocoders, that applies the vanilla diffusion equations
to waveform audio. Compared with the adversarial approach, diffusion offers a simpler L2 Loss
objective, and stable training. PriorGrad [Lee et al., 2021] is an extension of Diffwave that uses non
standard Gaussian noise in the diffusion process. The authors extract the energy of the conditioning
mel-spectrogram and use it to adapt the prior noise distribution to the target speech. Wavegrad [Chen
et al., 2020] is similar but uses conditioning on continuous noise levels instead of discrete ones. This
allows the model to perform the sampling using any noise schedule with a single training. Takahashi
et al. [2023] look at singing voices, which is a more complex distribution than standard read speech
due to wider spectrum, and increased diversity. Inspired by super-resolution cascaded techniques
from image diffusion [Ho et al., 2022], they used hierarchical models. The rst diffusion model
synthesises at a low sampling rate while later ones, conditioned on the output of their predecessor,
perform upsampling. This process can yield high-quality, high-resolution audio samples. Recent
work [Pascual et al., 2022] applies diffusion to generating full band audio at high sampling rate,
although the proposed methods allows for unconditional generation, and exible style transfer, it
remains limited to a narrow range of audio modalities.

Most diffusion models that sample data from complex high dimensional distributions use upsampling
frameworks [Huang et al., 2023, Takahashi et al., 2023]. This type of cascaded models are achieving
good performance but they are based on series of diffusion processes conditioned on the output of
the previous and thus can not be performed in parallel. In vision, some efforts have been invested in
simplifying diffusion pipelines. SimpleDiffusion [Hoogeboom et al., 2023] presents a framework
that matches results of cascading diffusion models using a single model. The model architecture and
training objective are adapted to focus on low-frequency content while keeping high quality textures.
To the best of our knowledge, this type of idea has not been ported to audio processing as of yet.

Finally, our work offers an alternative to the decoder of adversarial neural audio codecs such
as SoundStream [Zeghidour et al., 2021] and EnCodec [Défossez et al., 2022], which consist
in an encoder, a quantizer, and a decoder, and are trained with combination of losses including
discriminators, spectrogram matching, feature matching, and waveform distances. Our diffusion based
decoder is compatible, but offers higher quality generation as measured by subjective evaluations.

3 Method

3.1 Background

Following Ho et al. [2020], we consider a diffusion process given by a Markov apathere
Gaussian noise is gradually added to corrupt a clean datappinttil a random variablet close
to the standard Gaussian noise is obtained. The probability of the full process is given by

Y
g(Xo:TX0) = a(xejXt 1); 1)
t=1

whereq(x{jX; 1) N (IO tXt 1; tl)and( {)o ¢ T isusually referred to as the noise sched-
ule. One can ef ciently sample any step of the Markov chaivith

P— P
Xt = tXo * 1 t s (2)
where = Q;ZO (1 ) is called the noise level aid N (0O;1). Denoising Diffusion Proba-
bilistic Models ODPM) aims at going from prior noiser to the clean data pointy through the



reverse process

.
P(XT:0) = P(XT) P (Xt 1)Xt); 3)

t=1

wherep (X¢jXi+1 ) is a learned distribution that reverses the diffusion clogina.; jx;) andp(xt) is
the so-callegrior distribution that is not learned. Under the ideal noise schedule, one can see from
eq. (2) that the prior distribution can be approximated\bip; | ).

Ho et al. [2020] show that the distributign(X; 1jx;) can be expressed &s( (x¢;t); l) where
can be reparameterized as follow:

(x¢;t) = pllit Xt Pltit (Xe;t) - (4)

This reparametrization allows to train a neural netwbrko predict the noise in the corrupted data
pointx;. To train this neural network, one can use the simple objective given by Ho et al. [2020] that
consists in sampling; using eq. (2) and optimizing the following L2 loss:

Gy P— p a2
L=Exo dxo)" N ©i)tut 1;:7g i (Toxot 1 (0)j? (5)
With such a model, one can reverse the diffusion process iteratively using the following equation:

1 _
Xt 1= 971 Xt 971 L (xt) + P " (6)
t t

where is a parameter that should be chosen betwgen (1 t 1)=( ) tand { [Hoetal,

2020]. In our experiments we always use= .

3.2 Multi-Band Diffusion

The MULTI-BAND DIFFUSION method is based on three main components: (i) Frequency EQ
processor; (i) Scheduler tuning; and (iii) Band-speci c training, which we now describe.

Frequency Eq. Processor The mathematical theory of diffusion processes allows them to sample
from any kind of distribution, regardless of its nature. However, in practice, training a diffusion
network for multiple audio modalities in the waveform domain is an open challenge. We make the as-
sumption that the balance of energy levels across different frequency bands in both the prior Gaussian
distribution and the target distribution is important to obtain an ef cient sampling mechanism.

A white Gaussian noise signal has equal energy over all frequencies. However natural sounds such
as speech and music do not follow the same distribution Schnupp et al. [2011], i.e. music signals
tend to have similar energy level among frequency bands that are exponentially larger. For signals of
the same scale, white noise has overwhelmingly more energy in the high frequencies than common
audio signals, especially at higher sample rate (see Fig. 2). Thus during the diffusion process, high
frequency content will disappear sooner than the low frequency counterpart. Similarly, during the
reverse process, the addition of noise given by (6) will have more impact over the high frequencies.

To resolve this issue, we normalize the energy of the clean signal, denatgdaasoss multiple
frequency bands. We sphi, into B componentdy, with a cascade of band pass lters equally
spaced in mel-scale. Given the ltered bandf an audio signal, we normalize as follow,

b=n -5 ; 7

where ; and ¢ denote the energies in the banfbr standard Gaussian noise and for the signals

in the dataset, respectively. The parameteontrols to what extend we align the energy levels.

For =0 the processor does not do any rebalancing ardlL corresponds to matching exactly

the target energy. Given that speech signals often have no content in the high frequency bands, we
compute the parameter§ over the music domain to avoid instabilities in (7).
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