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#param. PR KS IC SID ER ASR (+LM) QbE SF ASV SD |
Method Millions PER] Accl Acct AcclT Acct WER| MTWVY F11/CER| EER| DER]| | Rank|
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_ — Metrics
FBANK 0 §2.01 8.63 0.10 8.5E-4 3539 23.18/15.21 0.0058 69.64/5294 956 10.05 8.8
TERA 21.33 49.17 89.48 58.42 57.57 56.27 18.17/12.16 0.0013 67.50/54.17 1589 996 79
wav2vec 32.54 31.58 95.59 8492 56.56 5979 15.86/11.00 0.0485 76.37/4371 799 0990 6.5 .2 A 0| Al .
DeCoAR 2.0 85.12  14.93 9448 00.80 7442 6247 13.02/9.07 0.0406 8328/3473 7.16 659 | 4.1 (1) S22 224 (Phoneme Recognition, PR)
HuBERT (teacher) 94.68 541 9630 9834 8142 6492 642/479 0.0736 88.53/25.20 5.11 5.88 1.0
(II) Distillation Baselines (2): IR E & Xl (Keyword Spotting, KS)
predict last layer 2467 16.71 96.07 9557 4344 62.81 13.67/943 0.0423 81.52/37.31 7.29 645 4.6
predict w/ hidden 2349 17.43 9546 9491 5490 61.49 14.95/10.27 0.0520 83.73/35.14 741 6.86 5.0 (3): 9| < _i__’?r (Intent Classification, IC>
(11I) Proposed
w/ prediction heads  27.03 1435 9620 94.17 72.83 6273 13.26/8.99 0.0451 83.14/3553 685 597 | 33 (4): StAH Al'E (Speaker Identification, SID)
DistilHuBERT 2349  16.27 9598 9499 7354 63.02 1337/921 0.0511 82.57/3559 855 6.19 3.8
. 2FX O Al . "
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Fig. 2. Comparisons of pre-trained model size vs. performance on three tasks: IC, SID, and ASR. 24
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Table 2. Comparison of different SSL model sizes and inference
time. The inference was performed on 4 CPUs extracting all features
from the LibriSpeech dev-clean set with a batch size of one. Results
were averaged over three runs.

# param. Inf. time
Model Millions seconds
HuBERT 94.68 (100%) 992 (1.00X)

DeCoAR 2.0 85.12 (90%) 924 (1.07X)
DistilHuBERT ~ 23.49 (25%) 574 (1.73X)
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Table 3. Ablation study of the techniques used.

IC SID ASR

Method Acct AccT WER|

DistilHUBERT 9499 7354 13.34

w/0 Lcos 93.36 7254 13.74

w/o teacher init  94.20  73.68 13.41
1.0

s ASR KS IC T | SID
73 £ P

0.2+
0.0 I 1 1 1 !ql ‘l 1 1 ‘

felath;d i 2 3 4 5 6 7 8 é 1IO 1I1 1I2
layer

Fig. 3. Weights of the feature summarization in several SUPERB

tasks after training on DistilHuBERT representations (predicting all

hidden layers in HUBERT). feat and hid respectively denotes the

CNN’s and transformer’s outputs.
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Table 4. Results of predicting different HuBERT’s hidden layers.

IC SID ASR
Predicted Layers AccT AccT WER]

4,8,12 9499 73.54  13.34
4 79.09 76.85 14.90
8 96.89 61.52  12.28
12 95.52 65.14 13.48
4,8 2167 7536 13.73
4,12 91.88 7448  14.03
8, 12 96.34 65.30 13.03
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Table 5. Pre-training DistilHuBERT with different datasets.
Data Size IC SID ASR

Dataset hours Acct AccT WER]
LibriSpeech 960 9499 7354 13.34
LibriSpeech 100 93.17 6946 14.77
WSIJ 81 90.22 64.14 15.59

AISHELL-1 150 87.29 67.65 16.42
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