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- HdDImageNet(CHHH T VBRI AFRIET—F WY
- YouTubeDEFTATUwWT10MXMICKH U TEENDIED A large-scale dataset of
DS A% (BE) SIS T . manually annotated audio events
- 2105 (2.1M)H>T ). & ImageNet(d#112855> T L.

KBAEAF AR EOE 180755 > TR,
- BHE - 8% BIREREHNSIELVERDISR.

- Acoustic Event ReCOg nition N af TC (j: Audio Tag g i ng t I]E_F (Eﬁn Drum (20,246 annotations in dataset) Fireworks (3,057 annotations in dat

- 52705 A, XILFSN)L,
= E;llggéi i; I . \— = z o
2 ODCNN(VGG)%%J}EH URR=A51~ https://research.google.com/audioset/

- COF—AtY FTOEEE R D CTEIIFZETILDRL
EIRESNTULS. (ImageNetEHRDIRNR)
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Human sounds

— Human voice

— Whistling

— Respiratory sounds
— Human locomotion
— Digestive

— Hands

— Heart sounds,
heartbeat

— Otoacoustic emission

— Human group actions

Source-ambiguous
sounds

— Generic impact sounds
— Surface contact

— Deformable shell

— Onomatopoeia

— Silence

— Other sourceless

Animal

— Domestic animals, pets

— Livestock, farm
animals, working
animals

— Wild animals

Sounds of things

— Vehicle
— Engine

— Domestic sounds,
home sounds

— Bell

— Alarm

— Mechanisms
— Tools

— Explosion
— Wood

— Glass

— Liquid

— Miscellaneous sources

— Specific impact sounds

Music

— Musical instrument
— Music genre
— Musical concepts

— Music role

L— Music mood

Natural sounds

— Wind
— Thunderstorm

— Water

— Fire

Channel, environment
and background

Acoustic environment
Noise

Sound reproduction

https://research.google.com/audioset/ontology/index.html
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EREDHM T (CIRESNDFREFBET/ILOMEN e et 20tL winer ot O o

I-E.I s 761‘_:%}'1'; (T CUL\D, =T 16.4%

Imagenet 2012 winner BIBECNN

(Krizhesvky et al.)
. 11.7%
- P . N Imagenet 2013 winner ; -
2021F M5 (ETransformer” —F+7 O F+ (VIT) et
Imagenet 2014 winner .
— 'Y AS : -_— (GooglLeNet)
CNN(CESHEDDIRIISZEL TLD,
After 5 Baidu Arxiv paper:2015/1/3 6.0%
T14—7 7
F==v7 Human: Andrej Karpathy 5.1%
Microsoft Research Arxiv paper: 2015/2/6 4.9%
90 Google Arxiv paper: 2015/3/2 4.8%
t:’ o101 64 PHASNelga ™ Microsoft Research CVPR paper: 2015/12/10 3.6%
ResNet-152
é : Inception VZ/ - = BERRETARMORELZBALILIE
g - 2015£2ﬁ l-(ik?ﬂﬁ@%fgiﬂlt ﬁ'{'ﬁﬁﬂ, ;ﬁénrt"@f)‘Df: 16
g 70 AT AN ZBZ DN T« — TS -0 Dk(CHDED
= ZF:\I(e’t'(ensembIe. 6 convnets) https://www.jsme.or.jp/iip/Japanese/Newsletter/No47/matsuo. pdf
60 2015FF TR

2015F LAz DR

50
2014 2015 2016 2017 2018 2019 2020 2021 2022

Other models -»- State-of-the-art models
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Extra

" Rank Model :}:; * auc W“‘I'M Training Paper Code Result Year Tags @ https://paperswithcode.com/sota/
NR—AERBEFTI)L pat audio-classification-on-audioset
MBT Attention Bottlenecks for Multimodal
1 - . 0.521 X (9] 51 2021 -
(AS-500K training + Video) Fusion 2 O 2 2/9 H%’ﬁ\t\ 0)

PaSST Efficient Training of Audio Transformers

DeiT 7 mevenan 0 © mm  [wmen] AudioSetdD

(Ensemble)
= VAN =1 am=1"]
HTS-AT HTS-AT: A Hierarchical Token-Semantic 1 0 j Xﬁ*ﬁ |$Hb
Swin Tra nSfO rmer 3 - 0.487 v Audio Transformer for Sound (9] 2022 Transformer — < ~ )
B S>2F>2D

®

®

Ei bl ‘ '
(Ensemble) Classification and Detection

DelT 4 AST 0.485 v AST: Audio Spectrogram Transformer (w) 2021 Transformer }

(Ensemble) _—

(&3]

PSLA: Improving Audio Tagging with

Eff|C|entNet (CNN) 5 T:LA ble) 0.474 0981 2936 v Pretraining, Sampling, Labeling, and (w) 5 2021 ‘ CNN ‘
nsemble Aggregation
VlT 6 Audio-MAE 0473 X Masked Autoencoders that Listen [w) 3] 2022 \ Selt-Supervised Learning \
(local, AS-2M) S

HTS-AT: A Hierarchical Token-Semantic

SW In Tra nSfO rmer 7 HTS-IAT 0.471 v Audio Transformer for Sound (v] 5 2022 [ Transformer ‘
(Single) Classification and Detection
De |T s PaSST-S 0471 Y Efficient Training of Audio Transformers o 5 2021 [m‘
(Single) with Patchout (R
VIT 9 b(ﬁ;s:s;])ec 0471 X ‘ Self-Supervised Learning ‘
-2M, e
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DCASE2018, 20197C (&, Task2

Audio tagging ¥ X h' KaggleT Tage General-purpose audio tagging of
ST, ? Freesound content with AudioSet labels

C ERCETEZIIANESL, T S
[CRT3EDEL RN,

- EFRI>ARTIE. CNNMEEICE
fI73xFEE UTHEL,

o — . @ i
* =] (L F;a L/ t E g 'g‘j‘s cl:- C N N %1§ 2 Freesound General-Purpose Audio Tagging Challenge
77_ 7 j D — 9'_ b\‘s;I E % % &) J: Can you automatically.recognize sounds from a wide range of real-world environments?
(S \
556 teams - 4 years ago

Iz 58z,

> WA@RFIO—-F=aeHFALRKL - -
RN Co e ®

9 fﬁ,T:EO)AudIOSetf\/:F\/U“O https://www.kaggle.com/c/freesound-audio-tagging
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Task description

https://dcase.community/challenge2018/task-general-purpose-audio-tagging
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BRI ERE ST C KD EBEESZANRT NOT S AICERT D LT,
ERICESHWMA TETILICANTED. > BERDIFOBNBRETIVHIFIATES.

224 x 224 x3 224 x 224 x 64

(272 UiEE i wE]

ARFT—=IHAX
HREREE - 7%

- J—XSAXFGE
- HHOYAX
. JAIIYBAX

VGG [Simonyan+2015]

2x]112X 28
74/ 56]x
| x5
( ﬁ“ L4x 512 , 11 X 1% 4096 1% 1x 1000

olution+ReLU
max pooling
’ fully cted+ReLU
, softma

https://www.cs.toronto.edu/~frossard/post/vggl6/

28
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. BFFEI LR EEEAT (C K DR ZE AR ROT S AN, BIEREBZEICIRZ DFET —F (LRI,
. FBRRER - IR1E(/ D —) &3 #@h TS, log-mel spectrogram TIRHON B & EHZLN,
. —DDY>TILISTE ) SIUEBD/INT—DHTHEMEND R S—FDEDIRNAZLN,

RS — 4 2R~ NOT S A

In [28]: wav, sr = torchaudio.load('viz/ToroBark2s.wav') In [34]: X = torchaudio.transforms.MelSpectrogram(sample_rate=sr, n_fft=2048,
wav = wav.mean(0) hop_length=sr//100)(wav).log()
plt.plot(np.linspace(0.0, len(wav)/sr, len(wav)), wav) plt.imshow(X, origin='lower")
plt.xlabel('Time (sec)"); plt.ylabel('Amplitude'); plt.xlabel('Time frames (hop size=10ms)"); plt.ylabel('Frequency bins');
100 { 20
0.75 1
100
0.50
» 0251 £ 8
o >
2 000 —rtnmmes - st B
& 025 g
= a0
-0.50 A
-0.75 - 20
-1.00 0 Z DD
0 20 40 6 8 100 120 140 #
0.0 02 0.4 OrGTlme?'saec] 10 12 14 16 Time frames (hop size=10ms) EEE&Q&(FXT)
COY > I, 54s =128x154

Copyright 2022 NTT CORPORATION

15



NAEEESRIA

~ELS —iRDOEEES(CEATRRRRAZBR{ LT~

Copyright 2022 NTT CORPORATION

16



MWABEESRAE(E? ©) NTT

“General-purpose Audio Representation” = ["NAEZE{ESERIA]
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v

[Saeed+2021] "Contrastive learning of general-purpose audio representations.”

(@ Sample Pair Generation (@ Instance Discrimination Contrastive Learning (COLA) (® Downstream Training
e gI filte gba kg l h'" Zx
15 o L. fixed (or fine-tuned)
o L st —| | — |50 || |
M e | Pre-trained
- €T — T -—o-—otaskI
—] _W' Maximize
— Agreement .
Raw Waveform \ H byt Z.’l‘, .
o b | B
Uniabeled ; E— Projection T Pre-trained task N
Audio Dataset T Encoder (- ) |~—| |~ | Headg(-) [—* Encoder -
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Online network

< — 435]3) \
R(CRZTHIE FE L —A

[Grill+,NeurIPS2020]
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. : (ERER) B SE
@ L 3 3 o
>;\Qf s |8 £ (& £ 18— qo(20) 7 Ebr—g

Exponential Moving (g6(26), 2¢)
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£
Aver (g <2
b P las (o)1l - |

DL,

]
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2 % _ Iz / 5 — AR =)
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3
Target network e \ /

https://www.casualganpapers.com/self-supervised-contrastive-representation-learning/BYOL-explained.html
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[Saeed+,ICASSP2021]

. EORRYIEZFIE UTzxti8F & (Contrastive learning),

«  YIDHUUE \‘i_b WP DRZEDT, BIDMIBEDRT7 ZRS T,
« BCOUYIT=0 vs. ESTUYITYDHU=1=, OREFRMLEZFA.
o T—HIRZFA LR, Li&’)“b“% EEB ]

= RIFOFEUETOHOOX
=T
@ Sample Pair Generation @ Instance Discrimination Contrastive Learning (COLA) @ Downstream Training
log-compressed l h’J: z:z,‘ 1
5 mel-filterbanks Proiection fixed (or fine-tuned)
- s 0~ | — | G580 | |
M — | Pre-trained
O L €T — Encoder .—.-—otaskl
‘v’ — _W' Maximize
= Agreement
Raw Waveform h_.l/ Z !
Large-scale "'4" | ! Pre-trained
Unlabeled Projection .
Audio Dataset _1" \ Encoder [ ( - ) -—»I] .. Heajdg( ) .—.|:| x€r— o lem —stask N

[2] Saeed, Aaqib, David Grangier, and Neil Zeghidour. "Contrastive learning of general-purpose audio representations.”
ICASSP 2021-2021 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP). IEEE, 2021.
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Table 2. Test accuracy (%) of a linear classifier trained on top of COLA embeddings or baseline pre-trained representations.

Speaker Id. (LBS)
Speech commands (V2)
Acoustic scenes
Birdsong detection
Music, Speech and Noise
Music instrument
Speech commands (V1)
Speaker Id. (Voxceleb)
Language Id.

Average (TRILL tasks)
Average (non-TRILL)

CBoW [16,125)

99.0
30.0
66.0
710
98.0
335

66.25

SG [16,25)

100.0
28.0
67.0
69.0
98.0
34.4

66.0

TemporalGap [16, 25]

97.0
23.0
63.0
71.0
97.0
35.1

64.3

Triplet Loss [16,25]

100.0
18.0
73.0
73.0
97.0
25.7

TRILL [13)

74.0
17.7
88.1

599

COLA

100.0
62.4
94.0
77.0
99.1
634
71.7
29.9
71.3

57.6
82.5

Copyright 2022 NTT CORPORATION

[2] Saeed, Aaqib, David Grangier, and Neil Zeghidour. "Contrastive learning of general-purpose audio representations.”
ICASSP 2021-2021 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP). 1IEEE, 2021.
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[HEAR Benchmark]
ADDOBRIREE Y X2 (Environmental sound)
. IRIEE %8 ESC-50, FSD50K
- BFREAMEDFEGunshot Triangulation
«  BROLZFAREIRK]Beehive States
5DDERSIRY
-  =i&knVoxLingua Top 10 (Vo10)
- EEEBIVocal Imitations (Imit)
. =R EEsCREMA-D (CR-D)
«  BAEIN> RH%ESpeech Commands v2 (SPC)
s AN KLibriCount (Cnt)
6 DDEFKSF XY (Music)
- BFHERE/BEDFEGTZAN Music Speech (M/S)
. BEIYJLSHEEGTZAN (GT2)
«  E=#BINSynth Pitch (PT)
- FIEFSBFCEFR FO—U3%EMridingham
Stroke and Tonic (MTonZK/Z(ENStk)
«  FIRERED%¥EBeijing Opera (Perc)

Copyright 2022 NTT CORPORATION

©) NTT

[BYOL-A, MSM-MAEF|FH5 X 7]
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[Niizumi+(NTT),IJCNN2021]

o R S [EFHRICIRE=MN/=BYOL (Bootstrap Your Own Latent)Z= ¥,
o BFRINEDOEHREFZEDIRUN,

. A D HEUAEMNEVWRTZORIBZIED T, BUMIBDORZZRS T3]

. HBA [TF—ARICAZERRIREFE |

v 60
e
Views Representations Projections Prediction 2 o
T 2
) ) T %’_zo <y
@
" » ) » . » » . » 2 . H = 0 J
t() > v [ fa( ) vo 900> 20 q6(-) > go(2s) —y Oonine o m w @ w1
single v - | loss Input
2 ” » H H .
input v v m|mm|zatlon Augmented (Mixup RRC RLF)
‘ ’ ’ ’
: t'() > v eI ve > 9e () z target
} — — —
Image Augmentation Encoding Projection Prediction . exponential
5 moving Mixup
Audio Audio v average
Segment Augmentation Fig. 4. Example of augmentation results. BYOL-A learns to cancel the
difference between v and v’. Each block result of the v is shown at the

bottom.

[3] Niizumi, Daisuke, et al. "BYOL for audio: Self-supervised learning for general-purpose audio representation."
2021 International Joint Conference on Neural Networks (IJCNN). IEEE, 2021.
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+ COLALEERUTE(ICEREEZM L.

TABLE 1
PERFORMANCE COMPARISON RESULTS FOR DOWNSTREAM TASKS
Method Dim. Remarks | NS US8K VCl1 VF SPCV2/12  SPCV2 | Average
TRILL [13] conventional N/A N/A 17.9%  88.1% 74.9% N/A N/A
COLA [14] conventional | 63.4% N/A 299%  71.3% 71.7% 62.4% N/A
OpenL3 [20] ! reference N/A 78.2% N/A N/A N/A N/A N/A
COALA [19] 2 reference | 73.1%  72.7% N/A N/A N/A N/A N/A
COLA 512-d our impl. | 654% 763% 259%  73.5% 59.1% 63.1% 60.5%
COLA* 1024-d our impl. | 693% 77.1% 312%  76.7% 71.9% 71.0% 66.2%
COLA*  2048-d our impl. | 702%  785%  304%  79.5% 76.7% 76.8% 68.7%
BYOL-A 512-d proposed | 69.1% 782% 33.4%  83.5% 86.5% 88.9% 73.3%
BYOL-A  1024-d proposed | 72.7%  782%  38.0%  88.5% 90.1% 91.4% 76.5%
BYOL-A  2048-d proposed | 741% 79.1% 40.1% 90.2% 91.0% 92.2% 77.8%

[3] Niizumi, Daisuke, et al. "BYOL for audio: Self-supervised learning for general-purpose audio representation."
2021 International Joint Conference on Neural Networks (IJCNN). IEEE, 2021.
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# Example waveform
X, y = test_loader.dataset[0]
plt.plot(x); print(test_loader.dataset.classes[y]); print(x[:8])

dog_bark

tensor([-0.0021, -0.0072, -0.0083, -0.0081, -0.0035, 0.0019, 0.0113, 0.0201])

010

0.05

0.00

10000 20000 30000 40000 50000 60000

feature_cnn14 = cnn14(x.unsqueeze(0))[0].detach().numpy()
plt.plot(feature_cnn14); print(feature_cnn14.shape); print(feature_cnn14[500:5207)

(2048,)
[O. 0. 0. 0. 0. 0. 0.
0. 0. 0. 0. 0. 0.
0. 22.590767 0. 0. 0. 0. 1]

80
CNN14
” RIN— IR
2° ||
L Ll
0 500 1000 1500 2000
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cfg = load_yaml_config('config/vggish.yaml")
vggish = evar.ar_vggish.AR_VGGish(cfg)

feature_vggish = vggish(x.unsqueeze(0))[0].detach().numpy()

plt.plot(feature_vggish); print(feature_vggish.shape); print(feature_vggish[0:6])

(128,)

[O. 1.3931446 0.39216742 0. 0.3441395 0. ]

25

20 VGGish

15
10

05

0.0

0 20 40 60 80 100 120

from evar.ar_base import calculate_norm_stats

cfg = load_yaml_config('config/byola.yaml")

byola = evar.ar_byola.AR_BYOLA(cfg)

byola.norm_stats = torch.tensor([-6.465687, 4.7879076]) # precomputed by:
feature_byola = byola(x.unsqueeze(0))[0].detach().numpy()
plt.plot(feature_byola); print(feature_byola.shape); print(feature_vggish[0:6])

(2048,)

[O. 1.3931446 0.392167420. 0.3441395 0. ]

1000

o BYOL-A

400

200

0 500 1000 1500 2000
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t-SNE projection of the VGGish features on US8K fold#4
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SER tasks
Representation ESC-50 US8K
[S] VGGish (5] 68.2 + 1.1
[S] VGGish-4K [5] 79.5 + 04
[Sas] PANNSs [12] 90.1 + 04 " N .
[Sas] ESResNeXt [F4]  89.0 + 12 - HEEIZEDFED
[Sas] AST [93] 93.5 +04 85.5 +0.2 25y 9=V AR
[Ux] COALA (18] 747 £13 719 +10 %n(&tﬂbb o
[Ux] OpenL3-E [17] 81.2 +13  80.7 04
[Ux] OpenL3-M [¥7] 822 +0s 80.4 +03
[U] TRILL [F9] 754 £07 752 +13
[U] Wav2Vec2-F [50] 65.6 +17 678 +03
[U] Wav2Vec2-C [50] 57.6 +08 669 +04
[U] BYOL-A 83.2 + 06 I 79.7 + 05 I

t-SNE projection of the PANNs' CNN14 features on US8K fold#4
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Log-mel spectrogram

3. 96 frames x 64 mel bins
N 3x3 @64
. VGGish (2017): VGGZER—X(CUZEFTILT ReLU ‘
YouTube-8M%E¥H. RUEETE Ot
. ,;_\.l.—_l—_] RelLU ransiormer £ncoder
AST (2021): ViITR— &031%7) L CImageNetZE/1% VP22 i ﬁ ﬁ i i ﬁ i
Z)HA{E (CAudioSetz= =+ 1., (3 Xlgfuzm) 5 E@l# F# ? @I
= ey~ — <3 NP N MP 2 x 2
. Sl Y A O RENS. (HH/TEV‘] IRMNAFETERWY) ('; x3@ 512) 2 L et
. VGGishld-{ > NERES 2 TEH, e ﬁ "TIIIT. ﬁ,
. AST(FESC-50 (3 —>%3%8), Speech commands(RsEI~> Roy e S L—EIII
;;E)_nglzﬁlﬁo RelLU X2 Patch Split with Overlap - . -

FC 527, Sigmoid

« RIFORAMRRICEITBIFAFNRSND. (VGGish] AST]

[VGGish] Hershey, Shawn, et al. "CNN architectures for large-scale audio classification." 2017 ieee international conference on
acoustics, speech and signal processing (icassp). IEEE, 2017.
[AST] Gong, Yuan, Yu-An Chung, and James Glass. "AST: Audio spectrogram transformer." arXiv preprint arXiv:2104.01778 (2021).
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Output Lung class
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» ! (__nddanorm Je! ! RelU ! 64%96x64 | / '\/ ,
! MutiHead | [} 1 Ehearli Convl Ti 1' ‘ Ti : Ti 10
“baby” . : Attention ) L uues(ep unestep uuestep
1 ar
attention flow : 1 Encoder output v -
cary | Add & Norm ] : Processing Input 10x96x64 g"’« ”4 ”
1
: Masked 1 before input :
Muti-Head : Muti-Head ] Slices t t i 1 1 i t t t t t
Attention 1 Attention : |
: !
€1 Crf

_____ ety Denoising
Linear
(word dim. reduction} 1

L1 e T Y M W

64[ fiz J ’[:;] oo Preprocessing (High-pass filtering and \3avelet threshold method) é
- i
3 ord i ectrogram
@ fy TopDown Encoder fr Text 0 - 10,
. R L. . Figure 2: (a) Architecture of TRACKE and (b) details of *
Figure 4: The audio captioning model with top-down keyword-estimation branch M. Raw waveform WWW
multi-scale encoder and aligned semantic attention.
AudioCaps: Generating Captions for Audios Y. Koizumi et al., “A Transformer-Based Audio Captioning FIGURE 1. The lung sound recognition model based on VGGish-BiGRU.
in The Wild (Kim et al., NAACL 2019) Model with Keyword Estimation.” (Interspeech 2020)

L. Shi et al., "Lung Sound Recognition Algorithm Based on VGGish-BiGRU," in IEEE
Copyright 2022 NTT CORPORATION Access, vol. 7, pp. 139438-139449, 2019, doi: 10.1109/ACCESS.2019.2943492. 34
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. B DEBEFIGTIRABICWIBIN? —orommmrm

. AN SREBIE NS DT, | PTEEENEL
_/Eﬁ S QXGD\E5
© B CICRRIBTRAINRES. (PR35 22 (CAF)

J

. 0.09 ‘032 N% o E3l 0.16 0.26 09
JE:EN 0.21 0.29
0.20 07 S (

9 o K5l 0.23 0.31 e
# 9 0.25 e $a Il 0.24 0.32 06
a; m 0.30 05 T~ 0.86 L} 0.33 -
L g 0.33 L 04 8w (VR:[’l 0.25 0.35

. e 0 E:YM 0.26 0.36 - 04

: - 03 o Rl 0.25 0.36 -03

n 0.38 -02 - Yl 0.19 0.36

-02
~ 0.35 - ~ Gl 0.12 0.31
ESC-50 USBK GIZAN Average ' SPCV2 W V1  CR-D NSynth Surge Average ESC-50 USBK GIZAN Average ' SPCV2  WF VC1  CR-D NSynth Surge Average
Task Task
2: VGGish 12813 % JE I DFEEE (%) 4: AST 128 2 EHIDFEEE (%)

- CR+, "SRIFETTILOEHEFHEOMESZRAVWVCNETEESRN", EF R (EA2022-9) (2022).
- Niizumi, Daisuke et al. “Composing General Audio Representation by Fusing Multilayer Features of a Pre-trained Model.”

ArXiv abs/2205.08138 (2022) & EUSIPCO2022.
Copyright 2022 NTT CORPORATION 35



BehH DFEH~NAEREZR LTSI EEAE ©) NTT

M EECNETFIE [Niizumi+(NTT),EUSIPCO2022/{5 54352022
Ff - BFEOFEHER N Z/ES > NAMEENE LT D

& 3: PRPERLZ X 5 HATFE T NV ORBENRE (%)

. SER tasks NOSS tasks Music tasks
Pre-trained model
/// (VGGish, PANNS, ...) Representation ESC-50 USSK SPCV2 VC1 VF CRM-D GTZAN NSynth Surge Avg.
Al VGGish 682 751 143 90 757 444 75.3 539 88 472

VGGish-Fusion#10#15 86.5 809 914 545 916 593 70.8 73.6 333 713

difference < +182 458 4771 4455 +160 +150 45 4197 4245 +241 >
Late layer

« o CNN14 90.1 820 514 8.0 75.0  50.7 79.7 66.0 104 57.0
y Y CNN14-Fusion#3#6 93.0 85.8 913 50.6 90.5 59.0 77.4 73.8 324 726

{Dovigif(?am) difference < 429 438 4399 4427 +I55 483 23 478 4220 +156 >

\ /

}@_{\ AST 93.5 855 71.8 165 812 579 84.3 73.2 258  65.5

-

o AST-Fusion#5#12 94.2 855 804 249 87.6__ 60.7 82.9 77.6 346 69.8

difference <406 400 486 484 +64 428 14 +45 489 +43 >

- R+, "SBRIFEETI/ILOEHEREEOMESERVWVCRASEESRIA", 513k (EA2022-9) (2022).
- Niizumi, Daisuke et al. “Composing General Audio Representation by Fusing Multilayer Features of a Pre-trained Model.”
ArXiv abs/2205.08138 (2022) & EUSIPC02022.
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- ImageNetEHRIC. ZERIRSNILTERIFE I D ETHAM
HERFF SN TULD,

- ICRABINERE N3N, TOEEHFRREZFED EFAMEECS
BT ENREETNTWND,

« BHEBOLNZHAFIENEDZLET, FNANICEIIDEDIC
NAIRARXTETDZEBIRESNTULD,
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[OpenL3] Cramer, Jason, et al.
"Look, listen, and learn more:
Design choices for deep audio
embeddings." ICASSP 2019.
[Wang et al.] Wang, Luyu, et al.
"Multimodal self-supervised learning of
general audio representations." arXiv
preprint arXiv:2104.12807 (2021).
[Wav2CLIP] H. -H. Wu, P.

Seetharaman, K. Kumar and J. P. Bello,

"Wav2CLIP: Learning Robust Audio
Representations from Clip," ICASSP
2022.

[CLIP] Radford, Alec et al. “Learning
Transferable Visual Models From

Natural Language
Supervision.” ICML (2021).
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- BLEEROMICEREFIA.
o MIHULTWVBART, FIGUTWVRIWRTZER LT D ET, SNILZEDERT,
- FBRRIC(E. Audio, VideoENENDRRZENTDIFEBRHETILZED.

Update Parameters

Corresponds?
(Yes/No)

| oLabel

Fig. 1. High-level architecture of L>-Net.

[OpenL3] Cramer, Jason, et al. "Look, listen, and learn more: Design choices for deep audio embeddings." ICASSP 2019.
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RERDREAZ « AT SOT S A - B (BUSR) DX G EE1ZR %z FI H

A e Table 5: Generalization to other tasks. We show test accuracy

‘ (%) on different downstream tasks trained with a linear classi-
fier on top of the frozen features outputed from our pre-trained

g f'll? network, comparing to supervsied and unsupervsied baselines.

All methods are based on EfficientNet-BO.

) Task COLA [@] Ours Sup. [39]

d Speaker Id. (Librispeech) 100.0 99.6 -
f g 7 B Speech commands (V1) 1170 80.5 93.4

4 Speech commands (V2) 62.4 82.2 2
P Acoustic scenes 94.0 90.4 99.1
N Vi Speaker Id. (VoxCeleb) 29.9 38.2 33.1
) S| ~ Birdsong detection 77.0 80.0 81.4

N\ Music, speech & noise 99.1 99.6 -
= 19| Is Language Id. 71.3 79.0 6.0
¢ Music instrument 63.4 68.3 72.0

g = Average 74.3 79.8 -

[Wang et al.] Wang, Luyu, et al. "Multimodal self-supervised learning of general audio representations." arXiv preprint arXiv:2104.12807 (2021).
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SNDEERFEEULUTE learning T* B 9 3 B EHORIBHFZETE 3,

E é* ! Z L \5 [Wav2CLIP] H. -H. Wu, P. Seetharaman, K. Kumar and J. P. Bello, "Wav2CLIP: Learning Robust Audio Representations from Clip," ICASSP 2022.
o [CLIP] Radford, Alec et al. “Learning Transferable Visual Models From Natural Language Supervision.” ICML (2021).
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[1] 2019/05 Self-supervised audio representation learning for mobile devices,
Pre-Training Audio Representations with Self-Supervision

[19] 2019/12 PANNs: Large-Scale Pretrained Audio Neural Networks for Audio Pattern Recognition (= GPAR, TASLP)
[2] 2020/10 (COLA) Contrastive Learning of General-Purpose Audio Representations (ICASSP2021)
1 [3] 2021/03 % BYOL for Audio: Self-Supervised Learning for General-Purpose Audio Representation (IJCNN2021)
[4] 2021/04 Multimodal Self-Supervised Learning of General Audio Representations
[5] 2021/09 BigSSL: Exploring the Frontier of Large-Scale Semi-Supervised Learning for Automatic Speech Recognition (= GPAR)
[6] 2021/10 SSAST: Self-Supervised Audio Spectrogram Transformer (= GPAR)
[7] 2021/10 Conformer-Based Self-Supervised Learning For Non-Speech Audio Tasks (ICASSP2022)
[8] 2021/10 DECAR: Deep Clustering for learning general-purpose Audio Representations
2022 [9] 2021/11 Towards Learning Universal Audio Representations (ICASSP2022)
[10] 2022/03 DeLoRes: Decorrelating Latent Spaces for Low-Resource Audio Representation Learning
[11] 2022/03 MAE-AST: Masked Autoencoding Audio Spectrogram Transformer (= GPAR)
[12] 2022/04 % Masked Spectrogram Modeling using Masked Autoencoders for Learning General-purpose Audio Representation
[13] 2022/04 Masked Spectrogram Prediction For Self-Supervised Audio Pre-Training (= GPAR)
[14] 2022/04 ATST: Audio Representation Learning with Teacher-Student Transformer

[15] 2022/05 Self-Supervised Learning Method Using Multiple Sampling Strategies for General-Purpose Audio Representation
(ICASSP2022)

[16] 2022/05 x Composing General Audio Representation by Fusing Multilayer Features of a Pre-trained Model (EUSIPC0O2022)
[17] 2022/06 BYOL-S: Learning Self-supervised Speech Representations by Bootstrapping

[18] 2022/07 (Audio-MAE) Masked Autoencoders that Listen ~——
[ CNET. BETS5D0FENEESNBMEERLTNS.
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1.2 Convert to spectrogram

The following converts raw audio into a log-mel spectrogram (LMS) and forms a batch of the two audios.

def wav_to_Ims(wav, sr, display=True, subplot_idx=None):
# convert to a log-mel spectrogram.

X = torchaudio.transforms.MelSpectrogram(sample_rate=sr, n_fft=2048, f_max=7800, f_min=60, n_mels=64,

hop_length=sr//100)(wav).log() # 10ms

if display:
if subplot_idx:
plt.subplot(subplot_idx)
plt.imshow(X, origin="lower")
plt.xlabel('Time frames (hop size=10ms)"); plt.ylabel('Frequency bins')
return X

plt.figure(figsize=(15, 3))

X=[]

for i in range(len(wavs)):
x = wav_to_Ims(wavs[i], sr, subplot_idx=121 + i)
plt.title(files[i])
X.append(x)

barking-shibainu.wav
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563746_cat.wav
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4. Using GeneralPurposeCnn14

By default, this model fuses features from the layers [3, 6]. The layer 3 features have a higher magnitude, and the layer 6 features are lower range.

model = GeneralPurposeCnn14()
model.eval()
model.load_state_dict(weights, strict=False)

_IncompatibleKeys(missing_keys=[], unexpected_keys=['spectrogram_extractor.stft.conv_real.weight', 'spectrogram_extractor.stft.conv_imag.weigh

r.melW', 'fc_audioset.weight', 'fc_audioset.bias'])

# encode
features = model(X).detach()
print('Shape of features:', features.shape)

plt.figure(figsize=(15, 5))

for i in range(len(features)):
plot_feature(features[i], subplot_idx=121 + i)
plt.title(files[i])

Shape of features: torch.Size([2, 6144])
barking-shibainu.wav
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TABLE II: An overview of the recent audio self-supervised learning methods. The “speech” column distinguishes whether a

method addresses speech tasks or for general purpose audio representations. The “framework™ type refers to Figure [}

Model Speech Input format Framework Encoder Loss Inspired by
LIM [@] v raw waveform (d) SincNet BCE, MINE or NCE loss SimCLR
COLA [36] X log mel-filterbanks (d) EfficientNet InfoNCE loss SimCLR
CLAR [33] X raw waveform (d) 1D ResNet-18 NT-Xent SimCLR
(semi) log mel-spectrogram ResNet-18 + cross-entropy
Fonseca et al. ﬂ36] X log mel-spectrogram (d) ResNet, VGG, CRNN NT-Xent loss SimCLR
Wang et al. [@] X raw waveform (d) CNN NT-Xent loss SimCLR
+ log mel-filterbanks ResNet + cross-entropy
BYOL-A [89] X log mel-filterbanks (b) CNN MSE loss BYOL
Speech2Vec [148] v mel-spectrogram (a) RNN MSE loss Word2Vec
Audio2Vec [91] VX MFCCs (a) CNN MSE loss Word2Vec
Carr [b7] v MFCCs (a) Context-free network Fenchel-Young loss -
Ryan [@ X constant-Q transform (a) AlexNet Triplet loss -
— spectrogram -
Mockingjay [PZ[] 4 mel-spectrogram (a) Transformer L1 loss BERT
TERA @] 4 log mel-spectrogram (a) Transformer L1 loss BERT
Audio ALBERT [94‘] v log mel-spectrogram (a) Transformer L1 loss BERT
DAPC [@] 4 spectrogram (a) Transformer Modified MSE loss BERT
+ orthogonality penalty
PASE [96] v raw waveform (a) SincNet + CNN L1, BCE loss BERT
PASE+ ﬁ] v raw waveform (a) SincNet + CNN + QRNN MSE, BCE loss BERT
CPC [40] 4 raw waveform (a) ResNet + GRU InfoNCE loss -
CPC v2 [ﬂ] v raw waveform (a) ResNet + Masked CNN InfoNCE loss -
CPC2 [PS] v raw waveform (a) ResNet + LSTM InfoNCE loss -
Wav2Vec [#34“ v raw waveform (a) 1D CNN Contrastive loss -
VQ-Wav2Vec [85[] v raw waveform (a) ID CNN + BERT Contrastive loss BERT
Wav2Vec 2.0 [811] 4 raw waveform (a) 1D CNN + Transformer Contrastive loss BERT
HuBERT [@] v raw waveform (c) ID CNN + Transformer Contrastive loss BERT
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Liu, Shuo, et al. "Audio self-supervised learning: A survey." arXiv preprint arXiv:2203.01205 (2022).
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Abstract

Computer vision systems today are primarily N-purpose
systems, designed and trained for a predefined set of tasks.
Adapting such systems to new tasks is challenging and of-
ten requires non-trivial modifications to the network archi-
tecture (e.g. adding new output heads) or training process
(e.g. adding new losses). To reduce the time and exper-
tise required to develop new applications, we would like to
create general purpose vision systems that can learn and
perform a range of tasks without any modification to the ar-
chitecture or learning process. In this paper, we propose
GPV-1, a task-agnostic vision-language architecture that
can learn and perform tasks that involve receiving an image
and producing text and/or bounding boxes, including clas-
sification, localization, visual question answering, caption-
ing, and more. We also propose evaluations of generality of
architecture, skill-concept' transfer, and learning efficiency
that may inform future work on general purpose vision. Our
experiments indicate GPV-1 is effective at multiple tasks,
reuses some concept knowledge across tasks, can perform
the Referring Expressions task zero-shot, and further im-

Gupta, Tanmay et al. “Towards General Purpose Vision Systems.” ArXiv abs/2104.00743 (2021)

and a cat
laying on

Figure 1. A task-agnostic vision-language architecture. GPV-1
takes an image and a natural language task description and outputs
bounding boxes, confidences and text. GPV-1 can be trained end-
to-end on any task that requires a box or text output, without any
architecture modifications such as adding a new task-head. Results
correspond to a model trained to perform VQA, localization, cap-
tioning, and classification tasks. Star indicates the output modality
supervised during training for each task.
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7~ . Search Table 2: Accuracy on downstream tasks (and fraction of accuracy recovered wrt. baselines). Down-
ar \lV > eess> arKiv:1905.11796 Help | Adv stream tasks: SP)(/‘: (Speech Commands), LSP: (LibriSpeech), 'l)"UT: TUT Urban Acoustic Scenes
2018, MUS: MUSAN, BSD: Bird Audio Detection, LID: Spoken Language Identification. In bold the
Electrical Engineering and Systems Science > Audio and Speech Processing highest accuracy attained by self-supervised models for each task.
[Submitted on 24 May 2019] model SPC LID LSP MUS TUT BSD
. . . . 2, +
Self-supervised audio representation learning for RpSReogEal (0200 Ol 07808 WL S0 B0k DT 0
mobile devices Untrained 0.16+.01 048+.04 054+.02 093+.00 057+.03 0.70+.02
(-1%) (+33%) (-1338%) (+77%) (+35%) (+31%)
Marco Tagliasacchi, Beat Gfeller, Félix de Chaumont Quitry, Dominik Roblek AutoEncoder 028+ .01 0.64+.04 099+ .00 094+.00 059+.03 069+.02
(+21%) (+56%) (+55%) (+81%) (+38%) (+27%)

We explore self-supervised models that can be potentially deployed on mobile devices to learn
general purpose audio representations. Specifically, we propose methods that exploit the
temporal context in the spectrogram domain. One method estimates the temporal gap

DOV (CRAWY N3+ 01 057404 0994+ 00 NOR 4+ 0N NAA+ 03 0714 01

Tagliasacchi, Marco, et al. "Self-supervised audio representation learning for mobile devices." arXiv preprint
arXiv:1905.11796 (2019). X
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