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Table 1: WERs (%) on various test sets for the models compared
in this work. The attention-based model with two decoder layers
is the single best sequence-to-sequence model.

Model . CLa . Nety numeric
dict | vs dict | vs
Baseline Uni. CDP 6.4 9.9 8.7 14.6 11.4 :
Baseline BIDi. CDP | 54 | 86 | 60 | - 1.4 Hybrid
End-to-end systems
CTC-grapheme” 394 | 534 ; . .
RNN Transducer 6.6 12.8 | 85 | 22.0 9.9
RNN Trans. with att. | 6.5 | 125 | 84 | 21.5 9.7 End2end
Att. 1-layer dec. 6.6 | 11.7 | 87 | 20.6 9.0
Att. 2-layer dec. 6.3 11.2 8.1 19.7 8.7

HLEbhybridEHZ TR, wFiEEEE MU TS

o JIGEE, EHiEseq2seqitfTi)ll%k

« Attention/Transducer lossf&IE 7 %y 4t <7 MR 1%
o WIRFHIEEEKRILRZ ? ?

“A Comparison of Sequence-to-Sequence Models for Speech Recognition.” /nterspeech. 2017.
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CPC(2018)
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Wav2vec(2019)
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ic, | : ! e ! 3. Quantisation Module : ¥ B #ri# {72 8L
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4 4 4 T 1. Qt%ﬂTJ—.Ejlizlg, Q%HTﬁ\*izlx
L | - f- | 2. sim()ZRmM A m) EfYcosEE B
*

E
4

exp(sim(ct,qe))/k
quQt exp(sim(ct, q))/k

L, =—log

Masking
1 EncoderE’]igutt'.{ﬁ)’[maskﬁfj'jcontextlm%E’\]iﬁi)\
KB B ESimasking SRS,  EE{A &5 LE49%

"wav2vec 2.0: A framework for self-supervised learning of speech representations.” Advances in Neural Information Processing Systems 33 (2020): 12449-12460.
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1h labeled
Discrete BERT [4] LS-960 4-gram 8.5 16.4 90 17.6
BASE LS-960 4-gram 5.0 10.8 b 153
Transf. 3.8 9.0 4.0 9.3
LARGE LS-960 Transf. 3.8 7.1 3.9 7.6 yx
LV-60k Transf. 33 64 34 68 > VNIERR
100h labeled
Hybrid DNN/HMM [33] - 4-gram 5.0 19.5 5.8 18.6
TTS data augm. [29] - LSTM 43 135
Discrete BERT [4] LS-960 4-gram 4.0 10.9 45 121
Iter. pseudo-labeling [56] LS-860  4-gram+Transf. 5.0 8.72 5.37 951
Iter. pseudo-labeling [56]  +LV-60k  4-gram+Transf. 3.19  6.14 372 .11 100/\Fgb I
Noisy student [41] LS-860 LSTM 39 88 42 8.6 > LUU/MiTbaseline
BASE LS-960 4-gram 2.1 739 3.4 8.0
Transf. 2.2 6.3 2.6 6.3
LARGE LS-960 Transf. 2l 4.8 2.3 5.0 +
LV-60k Transf. 2.0 4.1 2.1 4.4 100/M 4R

Wav2vec2.0 FEIEZFIRAES T EHN LR ER
« ZFlibrispeech’/AHEIEERII00/NEHES T HEE TSOTARNER, PBEMRL T2 LTk
« REHATUNTEFRERIE, wav2vec 20ME R o] UL T ZBI100/ NI FRE IR SR IFE R

wav2vec 2.0 THERTE 7 HUNGEIBSES R, RIBFER T X ARTE0E 8 R
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- e o . Masked
/ VoxLingua107 Y 4 BABEL N
\ 6.6k hours - 107 langs ) \ 1k hours - 17 langs |

'\ Youtube speech  / *\ Phone conversations /'
e 2 s Lo

e e i

7 .
/7 VoxPopuli N
\ 372k hours - 23 langs )

\ Parliament speech 7

Cememmoe="

;00000 es fr it ky nl ru sV tr tt  zh-HK Avg
< 10000 ] Labeled data 1h 1h 1h 1h 1h 1h 1h 1h 1h 1h
%D ¥
‘21000 Previous work
'§ m-CPC - 380 47.1 405 412 425 437 475 473 420 55.0 445
= 100 Feretal. (2017) 36.6 483 39.0 387 479 452 526 434 425 543 449
g XLSR-10 79 126 117 70 140 93 206 97 72 228 123
2 10 XLSR-53 2.9 50 57 61 58 81 122 7.1 51 183 7.6
1 This work
High resource < (English, German, ...) Low resource — (Sinhala, Zulu, ...) );ig:g E?g;g) ;(1) gg §g ‘5‘_1 ig 2(1) gg 22 ‘3‘;- 12(7) g?
XLS-R (2B) 2.2 40 35 40 47 37 50 4.0 29 148 49

Figure 2: Illustration of the unlabeled training data distribution across the 128 languages of XLS-R.

Meta AIX T ZIEFPTIZE9 TIEXLS-R, FUI4E4ER B T1281MEM, GiT43.675/0\H, AT
FHESE common voice FHEER 7 KigfeF, RIBFARBEELAR :
https://github.com/facebookresearch/fairseqg/blob/main/examples/wav2vec/xlsr/README.md

"Xls-r: Self-supervised cross-lingual speech representation learning at scale." arXiv preprint arXiv:2111.09296 (2021).
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Benchmark . https://github.com/s3prl/s3prl

SUPERBMZE 7 =12 S | &R B R lybenchmark,

ESMNATEESE FEIEXNNIER,

"Superb: Speech processing universal performance benchmark." arXiv preprint arXiv:2105.01051 (2021).

* The four columns (1)~(4) correspond to the macs calculated with short, medium, long, longer bucket
respectively

Method
WavLM Large
WavLM Base+
WavLM Base
HuBERT Large

wav2vec 2.0 Large
HUBERT Base
LightHuBERT Small
FaST-VGS+
wav2vec 2.0 Base
DistiiHUBERT
DeCoAR 2.0
wav2vec
vg-wav2vec
APC
VQ-APC

NPC

19.9

8%

15.8

15.4

15.25

13.95

13.15

12.35

2

10.6

8.9

5.8

S¥75

5.4

Score

1145

1106

1019

919

914

941

901

809

818

717

722

529

422

392

377

386

PRV

3.06

3.92

484

3.53

4.75

5.41

6.6

7276

5.74

16.27

14.93

31.58

33.48

41.98

41.08

43.81

KS »

97.86

97.37

96.79

95.29

96.66

96.3

96.07

97.27

96.23

95.98

94.48

95.59

93.38

91.01

91.11

88.96

IcCn

99.31

99

98.63

98.76

95.28

98.34

98.23

98.97

92.35

94.99

90.8

84.92

85.68

74.69

74.48

69.44

SID M

95.49

89.42

84.51

90.33

86.14

81.42

69.7

41.34

75.18

73.54

74.42

56.56

38.8

60.42

60.15

55.92

ER:

70.62

68.65

65.94

67.62

65.64

64.92

64.12

62.71

63.43

63.02

62.47

59.79

58.24

59.33

59.66

59.08
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3.44

5.59

6.21

3.62

3.75

6.42

8.34

8.83

6.43

13.37

13.02

15.86

ili7871

21.28

21.2

20.2

QbE

8.86

9.88

8.7

3.53

4.89

7.36

7.64

5.62

2.33

5.11

4.06

4.85

41

3.1

2.51

2.46

SF-F1 1~ SF-CERV

92.21 18.36
90.58 21.2
89.38 22.86
89.81 21.76
87.11 27.31
88.53 252
87.58 26.9
88.15 27812
88.3 24.77
82.57 35.59
83.28 34.73
76.37 43.71
77.68 41.54
70.46 50.89
68.53 52.91
729 48.44

sVy

S

4.07

4.69

5.98

5.65

5.11

5.42

5.87

6.02

8.55

7.16

7:99

10.38

8.56

8.72

9.4

Leaderboard : https://superbbenchmark.org/
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Runtime on WeNet

This is the runtime of WeNet.
We are going to support the following platforms:

1. Various deep learning inference engines, such as LibTorch, ONNX, OpenVINO, TVM, and so on.
2. Various OS, such as android, iOS, Harmony, and so on.

3. Various Al chips, such as GPU, Horzion BPU, and so on.

4. Various hardware platforms, such as Raspberry Pi.

5. Various language binding, such as python and go.

Feel free to volunteer yourself if you are interested in trying out some items(they do not have to be on the list).

Progress

For each platform, we will create a subdirectory in runtime. Currently, we have:

LibTorch: in c++, the default engine of WeNet.
OnnxRuntime: in c++, the official runtime for onnx model.
GPU: in python, powered by triton.
android: in java, it shows an APP demo.
Language binding
binding/python: python is the first class for binding.
binding/go: ongoing.
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