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3. FRAI A ( Predictive ) : BRBIBIFZHUBERT [6] * WavLM [7]
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EERYRRGERE
oA B 13 1?—5[ I,% | & E’
- BEREERIRE=E2% ( SUPERB Benchmark) [8] : BEEE
e =+ /W A P A N
e R AR T EER  BREARTROESR
LG ATEINSIS REEO L Speaker Speaker Identification
Automatic Speech Recognition Sppeaker Verification
(él;;rzllo% E;iﬁiﬂg Speaker Diarization
Paralinguistic Semantic
: . Intent Classification
Emotion Recognition Slot Filling




PR KS IC SID ER ASR (WER) QbE SF ASV SD

PER| | Acct | AccT | Acct | AccT || wol WwILM| [ MTWV 1 F11+ CERJ | EER] | DER|

FBANK 82.01 8.63 9.10 | 8.5E-4 | 35.39 || 23.18 15.21 0.0058 | 69.64 52.94 9.56 10.05
PASE+ [16] 58.87 | 82.54 | 29.82 37.99 | 57.86 || 25.11 16.62 0.0072 | 62.14 60.17 11.61 8.68
APC [7] 4198 | 91.01 | 74.69 60.42 | 59.33 || 21.28 14.74 0.0310 | 70.46 50.89 8.56 10.53
VQ-APC [32] 41.08 | 91.11 | 74.48 60.15 | 59.66 || 21.20 15.21 0.0251 | 68.53 5291 8.72 10.45
NPC [33] 43.81 | 88.96 | 69.44 55.92 | 59.08 || 20.20 13.91 0.0246 | 72.79 48.44 94 9.34
Mockingjay [8] 70.19 | 83.67 | 34.33 32.29 | 50.28 || 22.82 15.48 6.6E-04 | 61.59 58.89 11.66 10.54
TERA [9] 49.17 | 89.48 | 58.42 57.57 | 56.27 18.17 12.16 0.0013 | 67.50 54.17 15.89 9.96
DeCoAR 2.0 [10] 1493 | 9448 | 90.80 74.42 | 62.47 13.02 9.07 0.0406 | 83.28 34.73 7.16 6.59
modified CPC [34] 42.54 | 91.88 | 64.09 39.63 | 60.96 (| 20.18 13.53 0.0326 | 71.19 49.91 12.86 10.38
wav2vec [12] 31.58 | 95.59 | 84.92 56.56 | 59.79 15.86 11.00 0.0485 | 76.37 43.71 7.99 9.9
vg-wav2vec [13] 3348 | 93.38 | 85.68 38.80 | 58.24 17.71 12.80 0.0410 | 77.68 41.54 10.38 9.93
wav2vec 2.0 Base [14] 5.74 | 96.23 | 92.35 75.18 | 63.43 6.43 4.79 0.0233 | 88.30 24.77 6.02 6.08
wav2vec 2.0 Large [14] 475 | 96.66 | 95.28 86.14 | 65.64 3.75 3.10 0.0489 | 87.11 27.31 5.65 5.62
HuBERT Base [35] 5.41 | 96.30 | 98.34 81.42 [ 64.92 6.42 4.79 0.0736 | 88.53 25.20 5.11 5.88
HuBERT Large [35] 3.53 | 95.29 | 98.76 90.33 | 67.62 3.62 2.94 0.0353 | 89.81 21.76 5.98 875

Table Reference: SUPERB: Speech processing Universal PERformance Benchﬁ;\L\,{'
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| Ic(ACC%) ER (ACC%) KS (ACC%)

clean noisy clean noisy clean noisy
Baseline 99.47 96.94 63.96 57.33 97.14 93.38
Baseline+DAT 99.66  99.45 69.95 66.64 96.85 95.42
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« Property Neurons in Self-Supervised Speech TransformersL)éEﬁﬁiﬁﬁg B 152
HEAZE TLIESE 45 © https://github.com/nervjack2/PropertyNeurons

» Compressing transformer-based self-supervised models for speech processing
7S = o X E Ba iR A2 TS24 ¢ https://github.com/nervjack?2/Speech-
SSL-Compression
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