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*YODAS: YouTube-oriented multi-lingual speech dataset, by Xinjian Li (CMU), Shinnosuke Takamichi,
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Table 1 ZEEAHBa— 22 DHEE. YODAS

350 IR ZER 20D TDA—Ta— A TH 3.

Dataset # Languages Total Hours Speech Type Labeled Public License
BABEL [13] 17 1k hours Spontaneous Yes Yes IARPA Babel License
Common Voice [6] 112 18k hours Read Yes Yes CC-0
MLS [7] 8 50.5k hours Read Yes Yes CC BY 4.0
FLEURS [14] 102 1.4k hours Read Yes Yes CC BY 2.5
CMU Wilderness (8] 700 14k hours Read Yes Yes -
MMS-Lab [9] 1,107 44.7k hours Read Yes No -
VoxLingualO7 [15] 107 6.6k hours Spontaneous Yes Yes CC BY 4.0
Librilight [10] 1 60k hours Read No Yes CC BY 4.0
Whisper[11] 97 680k hours Unknown Yes/No No -
USM [12] 300 12M hours Spontaneous Yes/No No

YODAS (manual) 140 86k hours Spontaneous Yes Yes CC BY 3.0
YODAS (automatic) 20 336k hours Spontaneous Yes Yes CC BY 3.0
YODAS (unlabelled) - 144k hours Spontaneous No Yes CC BY 3.0

Table 2 BIERSE [how] & SEERELE (8] Ot
B, REREEE S v aNOE.
Manual Automatic Unlabeled

Mean  0.15h (5.6s)  0.23h (3.2s)  0.15h (-)
Std 0.35h (8.9s)  0.37h (1.6s)  0.25h (-)
Min  0.00h (0.0s)  0.00h (0.1s)  0.00h (-)
Max 24.9h (42.1s) 24.9h (87.7s)  24.9h (-)
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