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Audio data

« Audio
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Audio data

« Audio
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Audio data

« Audio
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Audio data

«»» Audio data
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Audio data

+»» Audio data
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Audio data

% Time domain
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Audio data

% Frequency domain
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Feature engineering for audio data
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Feature engineering for audio data
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Feature engineering for audio data
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Feature engineering for audio data
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Feature engineering for audio data
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Feature engineering for audio data
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Transformer for Audio data

% Transformer
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Transformer for Audio data

% Transformer
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Transformer for Audio data

% Transformer
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Transformer for Audio data

% Transformer

«  Decodere= self-attention, encoder-decoder attention, feed forward neural network 2 -4
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Transformer for Audio data

% Transformer
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Transformer for Audio data

% Audio Transformers: transformer architectures for large scale audio understanding.

o Stanford CHEHO| A HIELH S TH(arXiv, 2021), 20221 32! 312 7|F= 113] QI8 E|RS
. QL2 BE=E 28| waveformO M &St transformer =22 A|QF

«  CNNOAM 21HN 2 2 AR L|= pooling layerE &5 40| S

AUDIO TRANSFORMERS:

TRANSFORMER ARCHITECTURES FOR LARGE SCALE AUDIO UNDERSTANDING.

ADIEU CONVOLUTIONS
Prateek Verma and Jonathan Berger
Stanford University

450 Jane Stanford Way, Stanford CA, 94305,
prateekv, brg @stanford.edu
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Transformer for Audio data

«» Audio Transformer
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Transformer for Audio data
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Transformer for Audio data

«» Audio Transformer
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Transformer for Audio data

«» Audio Transformer

- QLR SES 12X (= oot 0|0 40| CHS 200712 dassE =75t tasks =
«  CNNOA £2 952 ERE pooling layers =7F2t2 2M transformer SH52 =&
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Table 1: Comparison of various proposed architecture as shown
in the rable below for mean average precision (mAP) metric. We
see how even baseline Transformer architectures without using any
convolutional lavers can outperform widely used CNN architectures
for acoustic scene understanding by significant margins. [21]

Meural Model Architecture mAP | # Param
CRENN [21] 0417 | 0.96M
VGG-like [21] 0434 | 027TM
ResNet-18 [21] 0.373 11.3M
DenseNet-121 [21] 0.425 12.5M
Small Transtormer 0.469 (0.9M
Large 6- Layer Transformer 0.525 2.3M

| pooingal 11 4155 xj0] 27

Large 6- Layer Transformer with Pooling | 0.337 2.3M
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Transformer for Audio data

% AST: Audio Spectrogram Transformer

MITO| A 9—?‘3Fﬁ951(arXi\/, 2021), 2022 38 31 7|= 463| IR LS

QL &E

Qe AHE 2 1248 Q|5 transformer XS K| OF

AST: Audio Spectrogram Transformer

Yuan Gong, Yu-An Chung, James Glass

MIT Computer Science and Artificial Intelligence Laboratory, Cambridge, MA 02139, USA

{yuangong, andyyuan, glass}Bmit.edu

Abstract

In the past decade. convolutional neural networks (CNNs)
have been widely adopted as the main building block for end-
to-end audio classification models, which aim to learn a direct
mapping from audio spectrograms to corresponding labels. To
better capture long-range global context, a recent trend is to
add a self-attention mechanism on top of the CNN, forming a
CNN-attention hybrid model. However, it is unclear whether
the reliance on a CNN is necessary, and if neural networks
purely based on attention are sufficient to obtain good perfor-
mance in audio classification. In this paper, we answer the ques-
tion by introducing the Audio Specirogram Transformer (AST),
the first convolution-free, purely attention-based model for au-
dio classification. We evaluate AST on various audio classifi-
cation benchmarks, where it achieves new state-of-the-art re-
sults of 0.485 mAP on AudioSet, 95.6% accuracy on ESC-50,
and 98.19% accuracy on Speech Commands V2.

Index Terms: audio classification, self-attention, Transformer

+++++
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]
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Figure 1: The proposed audio spectrogram ransformer (AST)
architecture. The 2D audio spectrogrant is split into a sequence
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Transformer for Audio data

% Audio Spectrogram Transformer(AST)
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Transformer for Audio data

% Audio Spectrogram Transformer(AST)
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Transformer for Audio data

% Audio Spectrogram Transformer(AST)
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Transformer for Audio data

% Audio Spectrogram Transformer(AST)

Output
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4) MLP block
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Transformer for Audio data

% Audio Spectrogram Transformer(AST)

= H =% = O
« 10X Z0|9| 2C|2 H|O|E{AlIof| CHSH 5277H2| dassE =-FSH= taskO| A H|w HHEHLC E2
o (@)
ds=2 2
Al = 5sl= =0 Lo L
- AYFHOo = 6TFF overlapdtd] IfX|E A Ed5H= A0 71 £E2 = H
(@) C (=] Sk = = L = =
« O] 20| &, IjX| 27[2} positional AHIE AFE O, A st O 20 2 ds AH0|E B0 =
Table 1: Performance comparison of AST and previous methods Table 5: Performance impact due to various patch overlap size.
o AucioSet.
# Patches  Balanced Set  Full Set
Model Balanced  Full No Overlap 512 0.336 0.451
Architecture mAP mAP UVETIE[]’_'F-E 657 0.342 0.456
Baseline [15] CNN+MLP - 0.314 Overlap-4 850 0.344 0.455
PANNSs [7] CNN+Attention 0.278 0.439 Overlap-6 (Used) 1212 0.347 0.459
PSLA [8] (Single) CNN+Attention 0319 0.444
PSLA (Ensemble-5) CNN+Attention 0.345 0464
PSLA (Ensemble-M)  CNN+Attention 0.362 0.474
. . 0.347 0.459
AST (Single) Pure Attention + 0.001 + 0.000
AST (Ensemble-S) Pure Attention 0.363 0.475
AST (Ensemble-M) Pure Attention 0.378 0.485
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Transformer for Audio data

% Efficient Training of Audio Transformers with Patchout(PaSST)

«  Johannes Kepler CiiStO| A Q14151 RF 2, 20221 33 319 7|& 22| 2I8E

«  Audio Transformer2| A4t S0 H 22| ZXHE CNN T2 2 ZAA|Z| DX gt

Efficient Training of Audio Transformers with Patchout

Khaled Koutini'?, Jan Schliiter', Hamid Eghbal-zadeh', Gerhard Widmer'>

Institute of Computational Perception' & LIT Al Lab?, Johannes Kepler University Linz, Austria
first.last@jku.at

Abstract
X AST CNN @ PassT

The great success of transformer-based models in natural lan- 0.480
guage processing (NLP) has led to various attempts at adapt- 0.475 -
ing these architectures to other domains such as vision and au- PaS.ST-S
dio. Recent work has shown that transformers can outperform 0.470 4
Convolutional Neural Networks (CNNs) on vision and andio 0.465 - PaS:.S 1-U PaSST_N-_ 5
tasks. However, one of the main shortcomings of transformer .
models, compared to the well-established CNNs, is the com- o 0.460 1 AST PasSsT-L-5
putational complexity. In transformers, the compute and mem- E 0.455 " *
ory complexity is known to grow quadratically with the input ’ AST-N
length. Therefore, there has been extensive work on optimiz- 0.450 1
ing transformers, but often at the cost of degrading predictive 0.445
performance. In this work, we propose a novel method to op- :
timize and regularize transformers on audio spectrograms. Our 0.440{ LGBis 05GBis  ppeyy CNN14
proposed models achieve a new state-of-the-art performance on
Audioset and can be trained on a single consumer-grade GPU. 0435 20 40 60 80 100 120 140 160 180
Furthermore, we propose a transformer model that outperforms Training speed: samplefsecond

CNNis in terms of both performance and training speed.'
Index Terms: transformers, audio-tagging, attention models,

audio classification Figure 1: Performance vs training speed on Audioset. The ra-

dius of the circle indicates the reauired GPU memory per sam-
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Transformer for Audio data

% Efficient Training of Audio Transformers with Patchout(PaSST)
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Summary
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Conclusion
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