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*Multi-task learning with dynamic weights of self-supervised learning and pseudo-labeling for dysarthric
speech recognition. by Yuya Sawa, (Kobe University), Ryo Aihara (Mitsubishi Electric Corporation),
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Table 1 Experimental results in terms of PERs [%)].

Multi-task weight A
Method
0.0 [ 01 [ o2 [ 03] o4 ] 05 |06 ] 07 [ o08] 09
Baseline 18.05 - — - — - - - - -
MTL — | 1783 | 1773 | 1757 | 1752 | 1742 | 1744 | 1756 | 17.72 | 18.38
MTL(dynamic) — | 1775 | 1750 | 17.48 | 17.23 | 17.19 | 17.22 | 17.27 | 17.31 | 17.39
MTL(dynamic) + CS || — | 17.53 | 17.40 | 17.24 | 17.18 | 17.08 | 17.19 | 17.34 | 17.39 | 17.39
EA I B R TOFREEITV, HIERXTT 4.2 REER
Hd 3R 39 MAICAADLT (unk) - JASECHS (sos) © 4,21 TILFRRIPBEHOBNEEDOEMEI
HIRECLS (eos) ZIMMA Tz 42 gtk Lz, EFHE BT B9 3 L
7V, End-to-End HFEEMY —/L % » b ESPnet Table 113, $REFHICHIF 552D % (Phoneme

[16] Z T, Hybrid CTC/attention €7 /L [13] D
¥ EITo7=. HHD Encoder 1%, 320 ZoTtDOENE
ZHED 4 @D 5K 5 Pyramid & Bidirectional Long-
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1% FW 72 Decoder 1% 320 Xt ORNEZF> 1 8
» 5% Unidirectional LSTM &, Z®D#H&D 42 K
JTD / — R %EFiD Softmax DHIIED SRR XN 5.
CTC ¥ Attention ¥ = Encoder-Decoder ® </l
%&Xﬁ%@f@(ﬂ@%%%ﬁ@i&%05Vﬂ

L, #B#RFD CTC OHNHERDEABFRL L 0.5 &
L7z, Ribfkicid Adadelta 2 L, FEHEIX le-8,
TRy ZEIZ50 & L.
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3 ODFEMEEMEEL /2. (dynamic) DRI H % Fik
&, SAVFERRAIEEEL N OEFNEEZITOZ L

ERKT 5.

e (MTL) : IEfE 7 NNVT =X EEERT NV T —&
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ns.
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T
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Error Rate; PER) Z#& L T\ 5. Baseline 1, HH
POAIRFIC H OB D D & D= IVF R R T EE LT
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5.4% DA ERELE 2 R L . IRBEFIETIEHEE
SNTBU T NV DEHEZSRL, TR
Z AR L TDARILT X R 7R T Z
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Fig. 1 The correlation between confidence score

and PER of pseudo-label for each utterance.
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Fig. 2 The correlation between average confidence
score and average deletion/substitution error rates

per phoneme.
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