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Abstract

We introduce a self-supervised learning (SSL)
framework BEATS for general audio represen-
tation pre-training, where we optimize an acous-
tic tokenizer and an audio SSL model by iter-
ations. Unlike the previous audio SSL models
that employ reconstruction loss for pre-training,
our audio SSL model is trained with the discrete
label prediction task, where the labels are gener-
ated by a semantic-rich acoustic tokenizer. We
propose an iterative pipeline to jointly optimize
the tokenizer and the pre-trained model, aiming
to abstract high-level semantics and discard the
redundant details for audio. The experimental
results demonstrate our acoustic tokenizers can
generate discrete labels with rich audio semantics
and our audio SSL models achieve state-of-the-art
(SOTA) results across various audio classification
benchmarks, even outperforming previous models
that use more training data and model parameters
significantly. Specifically, we set a new SOTA
mAP 50.6% on AudioSet-2M without using any
external data, and 98.1% accuracy on ESC-50.
The code and pre-trained models are available at
https://aka.ms/beats.

1. Introduction

Recent years have witnessed great success in self-supervised
learning (SSL) for speech and audio processing. The speech
SSL models, such as Wav2vec 2.0 (Baevski et al., 2020),
HuBERT (Hsu et al., 2021), BigSSL (Zhang et al., 2022),
WavLM (Chen et al., 2022b), and data2vec (Baevski et al.,
2022), show prominent performance across various speech
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processing tasks, especially in low-resource scenarios. Un-
like speech, audio typically contains wide variations of en-
vironmental events, including human voices, nature sounds,
musical beats, etc, which brings great challenges to general
audio modeling. Existing work (Gong et al., 2022a) finds
that applying the speech SSL model directly to the audio
domain does not lead to satisfactory performance. Thus, it
is non-trivial to study general audio SSL methods.

Until now, state-of-the-art (SOTA) audio SSL models (Xu
et al., 2022; Chong et al., 2022) employ an acoustic fea-
ture reconstruction loss as the pre-training objective instead
of the discrete label prediction pre-training task as in SSL
models of speech (Hsu et al., 2021; Chen et al., 2022b),
vision (Bao et al., 2021; Peng et al., 2022; Wang et al.,
2022b) and language (Devlin et al., 2019; Liu et al., 2019;
Lan et al., 2019). However, it was generally believed that
the reconstruction loss only accounts for the correctness of
low-level time-frequency features but neglects high-level
audio semantic abstraction (Ramesh et al., 2021; Bao et al.,
2021). The discrete label prediction would be a potentially
better audio pre-training objective than reconstruction for
the following reasons. Firstly, from the bionics aspect, hu-
mans understand audio by extracting and clustering the
high-level semantics instead of focusing on the low-level
time-frequency details (Patterson et al., 2007; Harb & Chen,
2007; Ma et al., 2018). By mimicking the semantics ex-
tracting and clustering through the discrete label prediction
pre-training objective, the audio SSL model is expected to
learn the same understanding and generalization skills as
humans. Secondly, the discrete label prediction objective
can improve the audio modeling efficiency by providing
semantic-rich tokens as the pre-training targets and encour-
aging the model to discard the redundant details, resulting
in a superior audio understanding capability with a lower
pre-training recourse cost (Bao et al., 2021; 2022; Peng
et al., 2022). Thirdly, the audio SSL pre-training with the
discrete label prediction objective advances the unification
of language, vision, speech, and audio pre-training, and en-
ables the possibility of building a foundation model across
modalities with a single pre-training task, i.e. discrete label
prediction (Wang et al., 2022b).

Despite these advantages and great successes in various
domains, the application of discrete label prediction in gen-
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structure engineering, and apply the speed-up technique
proposed in He et al. (2022). Given the discrete labels
generated by the acoustic tokenizer, we mas 65 the
input sequence and let the model predict the correspond-
ing discrete labels on mask regions. We follow Xu et al.
(2022) to ne-tune the audio SSL model across various
audio tasks. Experimental results show thatB&EAT S pre-
trained models have superior performance compared with
previous works across six audio and speech classi cation
tasks. We achieve the SOTA audio understanding perfor-
mance on AudioSet-2M, even outperforming the previous
SOTA results that are obtained with much more model pa-
rameters (90M v.s. 304M) and training data (e.g. ImageNet)

eral audio processing remains challenging for two reasonQ.y a large margin (48% v.s. 47.4% for single model and

Firstly, as the audio signal is continuous and the same acoug?-80 V-s. 49.86 for ensemble models). On ESC-50, our

tic event might have various durations in different occasionsS EATS @ls0 achieved 25% relative error rate reduction over

it is not straightforward to directly split the audio into seman-th€ Previous SOTA performance. We further demonstrate
tically meaningful tokens as in language processing (Devlinthe effectiveness of our proposed acoustic tokenizers, where

et al., 2019). On the other hand, different from speech, théhe generated disgrete 'at,’e's are robust tF’ random distur-
general audio signals contain excessively larger data var?ances and well aligned with audio semantics.

ations, including various non-speech acoustic events ang@ur contributions include the following: 1) We propose an it-
environmental sounds, where the commonly used speedtative audio pre-training framework, which opens the door
tokenizer for phoneme information extraction (Hsu et al.to audio pre-training with a discrete label prediction loss
2021) can not be directly applied. and shows better performance than with reconstruction loss.
It uni es the pre-training for speech and audio, which sheds
light on the foundation model building for both speech and

short forBidirectionalEncoder representation froAudio X i ) i X
Transformes, in which an acoustic tokenizer and an audio 2Udi0- 2) We provide effective acoustic tokenizers to quan-
tize continuous audio features into semantic-rich discrete

SSL model are optimized through an iterative audio prel- bel iitati K i 2 d
training framework. The training pipeline is illustrated in abels, facilitating future work of audio pre-training an

Figure 1. In each iteration, we rst use the acoustic tok-Mmulti-modality pre-training. 3) We achieve SOTA results on
enizer to generate the discrete labels of the unlabeled audigevera! audio and speech understanding benchmarks. The

and use them to optimize the audio SSL model with a masIEnOdels and codes are released to facilitate future research

and discrete label prediction loss. After convergence, the
audio SSL model acts as a teacher to guide the acoustic toR- Related Work

enizer to learn audio semantics with knowledge distillation i . ) .
(Hinton et al., 2015). In this alternating update |eamngecently, audio pre-training has achieved great success in

process, the acoustic tokenizer and the audio SSL mod@l“dio understanding tasks. The existing audio pre-training

can bene t from each other. The procedure is repeated unti"€tn0ds include supervised pre-training and self-supervised

convergence. Speci cally, in the rst iteration, we use a Pré-training. Previous works (Gong et al., 2021ab; Kou-

random-projection acoustic tokenizer to generate discretdni et al., 2_021; Nagra_ni_ et al_., 2021; Chen e_t al., 2022a)
labels as a cold start. In addition, we could ne-tune the Nd SUP€rvised pre-training with out-of-domain data (€.g.

audio SSL model with a little supervised data, and use thdMageNet (Deng et al., 2009)) can obtain signi cant ac-
ne-tuned model as the teacher for acoustic tokenizer trainCUracy improvement on audio understanding tasks. Some
ing. A ne-tuned model learns semantic knowledge not™ethods (Kong et al., 2020; Gong et al., 2021a; Koutini

only from SSL but supervised learning, which can furtherét al- 2021f Ve_rbitskiy etal., 202_2; Chenetal, 2(_)225‘; Xu
improve the tokenizer quality. We believe the proposecf! @l 2022; Elizalde etal., 2022, Wu et al., 2022; Guzhov

pre-training framework encourages our audio SSL modef! @l 2022) also leverage in-domain data (e.g. AudioSet
to learn relevant semantic information from iterations. ourlGemmeke et al., 2017)) for supervised audio pre-training.

pre-training framework is also compatible with any rnaskedDespite the promising classi cation results, these methods

audio prediction model, regardless of what backbone neflfondly rely on a great amount of supervised data, which is
work is used complex and expensive in practice. In comparison, the self-

supervised pre-training methods only require large-scale
We employ the vanilla ViT model (Dosovitskiy et al., 2021) —_—
as the backbone of our audio SSL models without heavy Nttps://aka.ms/beats

Figure 1.lterative audio pre-training of BEAS.

To tackle these challenges, in this work we propB&ATS,
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unlabeled data, which can be easily get from the InterneNote that we could leverage either a pre-trained audio SSL
The self-supervised audio pre-training methods typicallymodel or a ne-tuned audio SSL model as the teacher for
learn the audio representations with the contrastive learracoustic tokenizer training. A ne-tuned model learns
ing (Ravanelli & Bengio, 2018; Saeed et al., 2021; Fonsemantic knowledge not only from self-supervised pre-
seca et al., 2021; Al-Tahan & Mohsenzadeh, 2021; Wang &raining but supervised ne-tuning, making it a better
Oord, 2021) or reconstruction objective (Tagliasacchi et al.teacher for audio semantics distillation. With this alternating
2020; Niizumi et al., 2021; 2022; Gong et al., 2022a; Baadaupdate learning process, the acoustic tokenizer bene ts from
et al., 2022; Chong et al., 2022; Xu et al., 2022). Until now,the semantic-rich knowledge encoded by the audio SSL
the MAE-style reconstruction pre-training methods (Baademodel, while the audio SSL model bene ts from semantic-
et al., 2022; Niizumi et al., 2022; Chong et al., 2022; Xurich discrete labels generated by the acoustic tokenizer. The
etal., 2022) show the best audio understanding performangarocedure is repeated until convergence, and the theoretical
on various audio classi cation tasks. Unlike the previousproof of convergence is provided in Appendix A.

methods, we explore the self-supervised audio pre-training

method with the masked discrete label prediction objectives.2. Acoustic Tokenizers

for the rsttime. . . :
The acoustic tokenizers are used to generate the discrete

Various tokenizers have been proposed for learning discret@ybels for each iteration @dEATS pre-training. In the rst
representations on audio and speech tasks. Dieleman etigdration, given the teacher model is unavailable, we employ
(2018) propose a hierarchical VQ-VAE based model to learns Random-Projection Tokenizer (Section 3.2.1) to cluster
audio discrete representations for music generation taskfe continuous acoustic features into discrete labels as a
HUBERT (Hsu et al., 2021) generates discrete labels witfgold start. Starting from the second iteration, we train a Self-
the iterative hidden state clustering method for speech SSpistilled Tokenizer (Section 3.2.2) to generate the re ned
task, where the hidden state is extracted from the last roungiscrete labels with the semantic-aware knowledge distilled

speech SSL model. Chiu et al. (2022) claim a randomfrom the pre-trained/ ne-tuned audio SSL model obtained
projection tokenizer is adequate for a large speech SSiu the last iteration.

model pre-training. Our work is the rst to train an acoustic
tokenizer with the supervision of the last round SSL model3.2.1. @LD START: RANDOM-PROJECTION
which is different from the previous auto-encoding and ad- TOKENIZER

hoc clustering methods. ) ) o
For the rstiteration ofBEATS pre-training, we apply the

random-projection tokenizer (Chiu et al., 2022) to generate
3. BEATs the patch-level discrete labels for each input audio.

3.1. Iterative Audio Pre-training As shown in the left part of Figure 2, the random-projection

Figure 1 shows the overall pipeline of our iterative audio!©kenizer includes a linear projection layer and a set of
pre-training framework OBEATS, where an acoustic tok- codebook embeddings, which are kept frozen after random

enizer (Section 3.2) and an audio SSL model (Section 3.3jitialization. Each patch of the input feature is rst pro-
are optimized by iterations. In each iteration, given the unlected with the linear layer, then nds the nearest neighbor
labeled audio, we use the acoustic tokenizer to generate tH&Ctor among the codebook embeddings, where the index
discrete labels, and use them to train the audio SSL moddl' the nearest neighbor is de ned as the discrete label.

with a mask and discrete label prediction loss. After modelspeci cally, given the patch sequence extracted from the
convergence, we use the audio SSL model as the teacher figput audioX = fx;g/.; , we rst projectx; to the vec-
train a new acoustic tokenizer with knowledge distillationtor Wx , with a randomly initialized projection layet .

for the next iteration of audio SSL model training. Then we look up the nearest neighbor vector of each pro-
Speci cally, given an audio clip as the input, we rst extract jected vectoiVx ; from a set of random initialized vectors

the corresponding acoustic features, split them into regulaY = Vi gty , whereK is the codebook size, and de ne
grid patches, and further atten them to the patch sequenclahpf discrete label df-th pqtch“as the 'nd?)é of the nearest
X = fx.gl, . For the audio SSL model training, we use Neighbor vectorz, = argmin; jjivi ~ Wx jj3.

the acoustic tokenizer to quantize the patch sequinte

the patch-level discrete labefs= f2gl., asthe masked 3.2.2. ITERATION: SELF-DISTILLED TOKENIZER

prediction targets. For the acoustic tokenizer training, W&rom the second iteration &EATS pre-training’ we lever-
leverage the audio SSL model to encode the patch sequengge the last iteration audio SSL model as the teacher, which
X and extract the output sequene= fo.g{,; asthe can be eithera pre-trained model or a ne-tuned model, to
knowledge distillation targets. teach the current iteration tokenizer learning. We call it the
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Figure 2.Acoustic tokenizers for discrete label generation.

self-distilled tokenizer to generate the patch-level discreteluring the backward process.

labels for each input audio. The overall training objective of the self-distilled tokenizer

As shown in the right part of Figure 2, the self-distilled is de ned as the cosine similarity between the output se-
tokenizer rst uses a Transformer-based tokenizer encodeguence of the tokenizer estimatbo;g/_; and the out-

to convert the input patches to discrete labels with a sgput sequence of the teacher modiélg/., , along with

of learnable codebook embeddings. Then, a Transformethe mean squared error between the encoded vector se-
based tokenizer estimator is trained to predict the outpuuenceE = fe,g; and th?,quantll_;ed vector sequence
of a teacher model with the discrete labels and codebookd = fv, gl,: L = max ,,5 ., COSEt;0:)
embeddings as the input. With knowledge distillation as thejsg[*2(e)] 2(va)ii2 ji “2(e1)  sal 2(va, )lii2, where
training target, the tokenized discrete labels are optimize® denotes the pre-training datasetss(; ) andsg[ ] are

to contain more semantic-rich knowledge from the teachethe cosine similarity and the stopgradient operator, respec-
and less redundant information of the input audio. tively. We employ the exponential moving average (Van
Speci cally, we rst feed the input patche$ = fx.gl, Den Oord et al., 2017) for codebook embedding optimiza-

to a 12-layer Transformer encoder and obtain the encodetéon_'cor more stable tok_enlzer training (_Peng eF al., 2022).
vector sequenci = fe.g\ Then. for each encoded 24ring inference, we discard the tokenizer estimator, and
- t=1 - )

vectore;, we conduct the quantization by nding the near- €Verage the pre-trained tokenizer encoder andT codebook
est neighbor vectov, from the codebook embeddings embeddlngs_to convert each 'nplTJt audio= Xty to

V = fuigl,: & = argmin ji'a(vi) (e)jj2 where Patch-level discrete labeB = f29]_; .

*2 normalization is used to improve the codebook utilization ]

(Yu et al., 2021; Peng et al., 2022). With the quantized vec3-3- Audio SSL Model

tor sequenc&? = fv, g, astheinput, we use a 3-layer 3 3 1 BacksONE

Transformer estimator to predict the last layer output of the

teacher modelé,g_, . To deal with the non-differentiable Following the previous works (Gong et al., 2021a; 2022a;
problem of the vector quantization, following Van Den Oord Xu et al., 2022), we employ the VIT structure (Dosovitskiy
et al. (2017)’ we app|y the Straight-through gradients mecha&t al., 2021) as the backbone network, which consists of a
nism, where the gradients are directly copied from the quarlinear projection layer and a stack of Transformer encoder

tized vector sequendg? to the encoded vector sequeriee  layers. Given the input audio patch¥s= fxg/.; , we
rst convert them to the patch embeddings= fe; g,






