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Il. Purpose
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Three problems from speech

representation learning

Multiple sound units in each input
utterance
No lexicon of input sound units

Sound units have variable lengths
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Hidden-Unit BERT

Offline clustering
Applying the prediction loss

over the masked regions Ol’lly
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I1l. Backgrounds — Offline clustering(1)
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IIl. Backgrounds — Offline clustering(2) BrAlIn La. &
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V. Backgrounds — BERT(1)
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V. Backgrounds — BERT(2) BrAIn Lab. &3
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V. Backgrounds — BERT(3) BrAIn Lab. &3

< Pre—Training >
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V. Backgrounds — BERT(3) BrAIn Lab. &
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V. HUBERT(PreTraining) — The Name BrAIn Lab. &
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V. HUBERT(PreTraining) — PreTraining BrAlIn Lab. &)
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V. HuBERT(PreTraining) — Overview BrAlIn Lab. &
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V. HUBERT(PreTraining) — Loss Functions
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V. HUBERT(PreTraining) — Loss Functions
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V. HUBERT(PreTraining) — Loss Functions BrAlIn Lab. &)
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V. HUBERT(PreTraining) — 1st |terations BrAIn Lab. &
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V. HUBERT (PreTraining) — After 1%t Iterations BrAIn Lab. &)
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V. HUBERT(Model) — Architecture Summary BrAIn Lab. &)

BASE LARGE X-LARGE
strides 5,22 2 2.2 2
CNN Encoder kernel width 10..53.3.3.35.2.2
channel 512
layer 12 24 48
embedding dim. 768 1024 1280
Transformer inner FFN dim. 3072 4096 5120
layerdrop prob 0.05 0 0
attention heads 8 16 16
Projection dim. 256 768 1024
Num. of Params OSM 317M 964M
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VI. HUBERT(FineTuning) — ASR BrAIn Lab. &3
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VI. HUBERT(FineTuning) — ASR BrAIn Lab. &3
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VI. HUBERT(FineTuning) — ASR BrAIn Lab. &
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VIl. HUBERT(Decoding) — Process
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VIl. HUBERT(Decoding) — Score Function BrAIn Lab. &)

[108 Perc(YIX) + wilogPppy (Y) + W2|Y|]




VIIl. HUBERT(Result) — SOTA
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Model Unlabeled Data LM dev-clean  dev-other test-clean  test-other
10-min labeled
DiscreteBERT [51] LS-960 4-gram 15.7 24.1 16.3 25.2
wav2yee 2.0 BASE [6] L.S-960 4-gram 8.9 15.7 9.1 15.6
wav2vee 2.0 LARGE [6] LL-60k 4-gram 6.3 9.8 6.6 10.3
wav2vee 2.0 LARGE [6] LL-60k Transformer 4.6 79 4.8 8.2
HUBERT BASE LS-960 4-gram 9.1 15.0 9.7 153
HUBERT LARGEH LL-60k 4-gram 6.1 94 6.6 10.1
HUBERT LARGE LL-60k Irunsformer 4.3 7.0 4.7 7.6
HUBERT X-LARGE LL-60k Transformer 4.4 6.1 4.6 6.8
I-hour labeled
DeCoAR 2.0 [50] LS-960 4-gram . . 13.8 29.1
DiscreteBERT [51) LS-960 4-gram 8.5 164 9.0 17.6
wav2yvece 2.0 BASE [6] LS-960 4-gram 5.0 10.8 55 11.3
wav2vec 2.0 LARGE [6] LL-60k Transformer 29 54 29 58
HUBERT BASE LS-960 4-gram 5.6 10,9 6.1 1.3
HUBERT LARGE LL-60k Transformer 2.6 49 29 54
HUBERT X-LARrGtE LL-60k Transformer 26 4.2 28 438
10-hour labeled
SlimIPL [54] LS-960 4-gram + Transformer 53 79 55 9.0
DeCoAR 2.0 |50) LS-960 4-gram - - 54 13.3
DiscreteBERT [51]) 1.5-960 4-gram 5.3 13.2 59 14,1
wav2vee 2.0 BASE [6] L.S-960 4-gram 38 9.1 4.3 95
wav2vec 2.0 LARGE [6] LL-60k Transformer 24 48 2.6 49
HUBERT BASE LS-960 4-gram 3.9 9.0 4.3 94
HUBERT LARGE LL-60k Transformer 2.2 4.3 24 46
HUBERT X-LARGH LL-60k Transformer 2.1 3.6 23 4.0
100-hour labeled
IPL [12] LL-60k 4-gram + Transformer 3.19 6.14 3.72 7.11
SlimIPL [54] LS-860 4-gram + Transformer 2.2 46 2.7 52
Noisy Student [61] L.S-860 LST™ 39 8.8 42 8.6
DeCoAR 2.0 [50] L.S-960 4-gram - - 50 12.1
DiscreteBERT [51] LS-960 4-gram 4.0 10.9 45 12.1
wav2vee 2.0 BASE [6] L5-960 4-gram 2.7 79 34 8.0
wav2vee 2.0 LARGE [6] LL-60k Transformer 1.9 4.0 20 4.0
HUBERT BASsE 1.5-960 4-gram 27 7.8 34 8.1
HUBERT LARGE LL-60k Transformer 1.8 3.7 2.1 39
HUBERT X-LARGH LL-60k I'ransformer 1.7 3.0 1.9 35
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VIIl. HUBERT(Result) — Self Training BrAIn Lab. &

Model Unlabeled Data LM dev-clean  dev-other test-clean test-other
Superivsed

Conformer L [62] - LSTM - - 1.9 3.9
Self-Training

IPL [12] LL-60k 4-gram + Transformer 1.85 3.26 2.10 4.01

Noisy Student [61] LV-60k LSTM 1.6 34 -7 34
Pre-Training

wav2vec 2.0 LARGE [6] LL-60k Transformer 1.6 3.0 1.8 33

pre-trained Conformer XXL [40] LL-60k LSTM 1.3 3.0 1.5 3.1

Pre-Training + Self-Training
wav2vec 2.0 + self-training [63] LL-60k Transformer 1.1 2.7 1.5 3.1
pre-trained Conformer XXL + Noisy Student [40] LL-60k LSTM i3 2.6 1.4 2.6
This work (Pre-Training)
HUBERT LARGE LL-60k Transformer 1.9 3.0 1.9 33
HUBERT X-LARGE LL-60k Transformer 1.5 5 1.8 2.9
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VIIl. HuBERT(Result) = PNMI
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VIIl. HUBERT(Result) — different feature BrAIn Lab. &

PNMI (mean = std) with K-means Training Size =

feature C lh 10h 100h

100 | 0.251 = 0.001  0.253 £ 0.001  0.253 + 0.001
500 | 0.283 £ 0.001 0.285 = 0.000  0.287 £ 0.001

100 | 0.563 £ 0.012 0.561 & 0.012  0.575 &£ 0.008
500 | 0.680 = 0.005 0.684 = 0.003  0.686 £ 0.004

MFCC

BASE-1t1-L6
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VIIl. HuBERT (Result) — Quality BrAIn Lab. &)
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VIIl. HUBERT(Result) — Effect of training objective BrAIn wav.&

' dev-other WER (%)
teacher C PNMI a=10 &=05 a=00

Chenone (supervised top-line) 8976 | 0.809 10.38 9.16 9.79
50 0.227 18.68 31.07 94.60

K-means on MFCC 100 0.243 17.86 29.57 96.37

500 0.276 18.40 33.42 97.66

K-means on BASE-itl-layer6 500 0.637 11.91 13.47 23.29
K-means on BASE-it2-layer9 500 0.704 10.75 11.59 13,79
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VIII. HUBERT(Result) — Pre Training steps BrAIn Lab. &

dev-other WER (%)

teacher €1 Geps=100k 250k 400k 800k
K 50 18.68 13.65 1240 11.82
RS 100 17.86 1297 1232 11.68

[51] 13.5k 26.6
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VIll. HUBERT(Result) — masking probability, batch size
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