Self-Supervised Learning for speech recognition
with Intermediate layer supervision
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intermediate Layer Supervision for Self-Supervised Learning
(ILS-SSL)
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Model LM test-clean  test-other
1-hour labeled

wav2vec 2.0 [11] None 24.5 29.7
HuBERT None 20.9 27.5
WavlLM [27] None 24.5 29.2
DeCoAR 2.0 [4] 4-gram 13.8 20.1
DiscreteBERT[28]  4-gram 9.0 17.6
wav2vec 2.0 [11] 4-gram 5.5 11.3
HuBERT [13] 4-gram 6.1 11.3
WavLM [27] 4-gram 5.7 10.8
ILS-SSL None 17.9 23.1
ILS-SSL 4-gram 5.4 10.2
10-hour labeled

wav2vec 2.0 [11] None 11.1 17.6
HuBERT None 10.1 16.8
WavLM [27] None 9.8 16.0
DeCoAR 2.0 [4] 4-gram 5.4 13.3
DiscreteBERT[28]  4-gram 59 14.1
wav2vec 2.0 [11] 4-gram 4.3 9.5
HuBERT [13] 4-gram 4.3 94
WavlLM [27] 4-gram 4.3 9.2
ILS-SSL None 8.3 13.6
ILS-SSL 4-gram 3.8 8.1
100-hour labeled

wav2vec 2.0 [11] None 6.1 13.3
HuBERT None 6.3 13.2
WavLM [27] None 5.7 12.0
DeCoAR 2.0 [4] 4-gram 5.0 12.1
DiscreteBERT[28]  4-gram 4.5 12.1
wav2vec 2.0 [11] 4-gram 3.4 8.0
HuBERT [13] 4-gram 34 8.1
WavLM [27] 4-gram 34 7.7
ILS-SSL None 4.7 10.1
ILS-SSL 4-gram 3.0 6.9

Table 1. Model comparisons
In the BASE setting.

Table 2. Model comparisons
In the LARGE setting.

Model LM test-clean  test-other
1-hour labeled

wav2vec2.0 [11] None 17.2 20.3
HuBERT None 17.4 20.3
wav2vec 2.0 [11] 4-gram 3.8 7.1
HuBERT 4-gram 3.9 6.6
wav2vec 2.0 [11] Transf 2.9 5.8
HuBERT [13] Transf 2.9 5.4
ILS-SSL None 14.3 16.9
ILS-SSL 4-gram 3.6 6.5
ILS-SSL Transf 2.8 5.3
10-hour labeled

wav2vec2.0 [11] None 6.3 10.0
HuBERT None 6.2 9.6
wav2vec 2.0 [11] 4-gram 3.0 5.8
HuBERT 4-gram 2.9 5.4
wav2vec 2.0 [11] Transf 2.6 49
HuBERT [13] Transf 24 4.6
ILS-SSL None 6.1 9.1
ILS-SSL 4-gram 2.8 5.2
ILS-SSL Transf 2.5 4.5
100-hour labeled

wav2vec2.0 [11] None 3.1 6.3
HuBERT None 2.9 6.0
wav2vec 2.0 [11] 4-gram 2.3 4.6
HuBERT 4-gram 23 4.5
wav2vec 2.0 [11] Transf 2.0 4.0
HuBERT [13] Transf 2.1 39
ILS-SSL None 2.9 5.8
ILS-SSL 4-gram 22 45
ILS-SSL Transf 2.0 4.0
960-hour labeled

Transformer-CTC [29]  Transf 2.5 5.5
Transformer-S28S [29] Transf 2.3 5.2
Transformer-T [30] Transf 2.0 4.6
Conformer-T[31] LSTM 1.9 3.9
wav2vec 2.0 [11] None 2.2 4.5
HuBERT None 2.1 4.3
wav2vec 2.0 [11] 4-gram 2.0 3.6
HuBERT 4-gram 2.0 3.7
wav2vec 2.0 [11] Transf 1.8 33
HuBERT [13] Transf 1.9 33
ILS-SSL None 1.9 3.8
ILS-SSL 4-gram 1.9 3.4
ILS-SSL Transf 1.8 32
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Fig. 2. Quality of the cluster assignments obtained by running
k-means clustering on features extracted from each Trans-
former layer of the BASE model (after the 2nd iteration ).
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Speaker Content Semantics Paral.

Method #Params | Corpus SID | ASV SD PR | ASR KS QbE IC SF ER
Acct | EER| | DER| || PER| | WER | | AccT | MTWV T || AccT | FIT CER| || Acc?

FBANK 0 - 8.5E-4 1 956 1005 | 8201 | 2318 | 8.63 00038 || 9.10 | 69.64 5294 | 35.39
HuBERT BASE [13] | 94.68M | LS960hr | 8142 | 511| 3588 | 541 6.42 | 96.30 0.0736 || 98.34 | 88.53 2520 || 64.92
[LS-SSL BASE 94.68M | LS960hr | 7929 | 524 | 631 5 545 | 438 0.0789 || 98.47 | 89.16  24.29 || 65.79

Table 3. Universal speech representation evaluation on SUPERB benchmark. Paral denote Paralinguistics aspect of speech.

Speaker Identification (SID), Auto-matic Speaker Verification (ASV), Speaker Diarization (SD),Phoneme
Recognition (PR), Automatic Speech Recognition(ASR), Keyword Spotting (KS), Query by Example
SpokenTerm Detection (QbE), Intent Classification (IC), Slot Filling(SF), Emotion Recognition (ER)
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