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Self-supervised speech representation learning based on
positive sample comparison and masking reconstruction
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Abstract: To solve the problem that existing contrastive prediction based self-supervised speech representation learning
methods need to construct a large number of negative samples, and their performance depends on large training batches,
requiring a lot of computing resources, a new speech representation learning method based on contrastive learning using
only positive samples was proposed. Combined with reconstruction loss, the proposed method could obtain better repre-
sentation with lower training cost. The proposed method was inspired by the idea of the SimSiam method in image
self-supervised representation learning. Using the siamese network architecture, two random augmentations of the input
speech signals were processed by the same encoder network, then a feed-forward network was applied on one side, and a
stop-gradient operation was applied on the other side. The model was trained to maximize the similarity between two
sides. During training processing, negative samples were not required, so small batch size could be used and training effi-
ciency was improved. Experimental results show that the representation model obtained by the new method achieves or
exceeds the performance of existing mainstream speech representation learning models in multiple downstream tasks.
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Wio XTTREAFMANIES, FRiEEEE RIS+
SrWIAER, —SiE S BB B SCE, AR
EEPRBUEN R 5152, Bt REE SRR
>] BAG B R TR SO S .

BT, WHE BB ESER RS TEEER
3 AP0 B EL I Ay ST E )y
ERIIET ZAR 555 S 0738 0 B Tl () 77 7%
K X A A, DX B T e BT 5%, 8t i
AMEFER o KA R RAF BNE F IR BT HEN R
R TER A S AR, DR N BT
55, I /M P E A R ORAS BRI R
T ZAT 5525 2 I 5 120 X0 LG 0T 55 A0E ¥
AR SASE G, DUHIERIE BT R . N
SR 2 BB, JE T ox BTRIN 7 V2 A T3
THEMCE 7, 72 H AT 8B BRI ik
T 7

T B T £ T v T AR I 3 )
TR S 1) L, BIASEARY i 1 3 it A o — N
o NT U — @, BAA R TR O
THREFBEYLRFENLE DI IE R E R AFEA, HHY
TEREAHEAT X EE, AT J8E B Ffr A A A 1 6 L B AH
. BT, HTXTHme B E s R T
P, AR, AR AR i
MVE R IEREAS, Xk B A —HE R 2 247 B LR
FELAMIE OFEAR . X PP IE OFE AR IR B TR A &
ARG TE, AREORIERFEAS B B A T &
Al RE s LT R ) IE SOREARRT, SEONZGAFRE
F ARSI A AT TR E I 3 R A O AN SR AR AR VI
RIS AR It B, PR, X SROTIELE VISR
R L R S N = R TR B NS N
IR

AR, A2 B B EUE EE R 7 S A 7
FPIRREA IR RN G LT, FH/E Chen
200148 1) SimSiam (simple siamese) {5 F fi
R N AT B IR B ISR, R R EIEFE AT
XPECAE 2], JE I B AT R R0 e T AR Y 3
33, 7F ImageNet 1% 100 /> epoch B AT ik B4R 4F
15 SRR

FETR B R 2 ek, B ATie A 8 IEFE A
X LA 2] R IR ORI 9 o A SCK IEAE AR LE 22 2
HARNHATEERRN, HRH T —ME G B4
AR R B B E SRR
SimSiam 5 B I 5% 22 ) 4% (ResNet, residual

networlO! Wi N F IR S T W% 5 EEAR,
BEE TR MESEKZKF, BT EF
JH Transformer! Wi 1B 3% %R % S M ET W% . A
T PR R 2 2 IR TR IEFE A AT X b 2
>, G T K R AT R AR AL I 5k PR ]
B, BEMMERES, ERIIZRSRA THER T
TFIE S F R« AT Librispeech 18T
HINBRRY ), FEETRSE, WIEATRET
WEAESS Lt AT 7RI, 45 SRR 5 A A A
e, ARSCOTTEAS BIMBBE T A NUE S5 T Bt
BA B e IS T A A ) PERE .

1 HEXIE

11 BEEEBESERREY

HAl, BREEERR AN TETRAET
Xf EETRI BT V5 FE T IR R ) T T 2 AT
55 SN TTIE 3 Tl

LT 58 HG TN £ 7 92 2 B T B TR g AL
(CPC, contrastive predictive coding) P EAE x4
TUBEAT B B 2 20, R 2 0 2 4 1 55 RS 38 e
2 s 25 (), BESRAE 7R 78 1) W] DO IE RORE A HEAT
T4 25 o X KT R S AARK A2 Facebook (1)
TN AR wav2vee Z 5146 2 8 17 HOM ¢ %
i RISl Hod wav2vee 2.0 BRI B2 7 %
SR ERMNEZ AN NS BRI Z M, MR
B E Y A R E ¥ I 7% . HuBERT
( hidden-unit bidirectional encoder representation
from transformers) "“E wav2vec 2.0 BLH ) FERE
b, JEid K-means 5B B B O BR 2,
FE TR R 25 BT 55 H TR I Sk, 1207 AT AL
Xof TR 2 5% 1) — T it 7 v, BRI R 845 1 4
B E AR AT X EE 2 2 . WavLMIPS R T
HuBERT {848, RHT T 58 R A4 B 2 b s
FINTE SR (R N e A S AR R U7, R
T AR A R, (A TE & R B 13 4
HER== N N 6 A AP B B2 s A b W R
AN I [ R s 75 R T BORHE CHEAT I 25, I ZRid
it EERES, BHREARERR.

L T8 i g 1 U 0k S A [R] U T g
14 (APC, autoregressive predictive coding) !'*§
BERT (bidirectional encoder representation from
transformer) iz 28 K4 AT 551745 Xk 2 7R B U HEAT
WIS, B, APC oS4k B 5 1 2w
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iy (VQAPC, vector-quantized autoregressive pre-
dictive coding) "SR [ [ VAREARY, T i 2 i
fRI RS Bk B R SR 115 T ;. Mockingjay!®

TERA ( transformer encoder representation from
alteration ) POV 5 7 3 b Xof 1 55 ok AT B i B 2 ok
HEAT BRI 5 ; pMPC ( phoneme-based masked
predictive coding) '#E & K % AT HE M E A, LA
R RL 2 2] B RN BE S 5 T 2 1 R K

= B

B /5 o

BT 2AR5 05N ik 2 Fra 2]
(RS HATE G, BIE Z2AES IR 7 AR B AL
({55 Fon AL, A RS Speech SimCLR™,
ST EGE R RS SimCLR AP
HIXT BN ZRAESS, R H S TERA HE#k EE 34E 55 4
gty UEB TR L AE SR S A i AT S ARG
MR . Zaiem SPRR T 250 B SIES
MEHHAGHI . FRBIRIAEXT L2 ST 25 7 22
P 3 R B ) SRR AR KT AT X L2 2T, R AT 7 22 5R
KIMGRREIR, NEERER S
12 ETFEEMEMRRFES

MG R ) BT 20 A W 4% R 3R R
S1 E RO AT T . 2R R 4 2N 5 xo
NIEAT 2 MASESESR, DLRCRAE 2 Ao S )
FAAPEREAT I 2R, SR, G0 SR S i AR AARE A
Z IR ES, MARAE 515 3 — AV B fE, BPXY
T A R AR A R, Xk 2 3 44 IS AN Y
T n) iR RIX — ) R — AN B AR AR A A
P AR AL N 2 TR B BE E,  EAE AN [R) i N 2 [
PIFE RS AR K, A U Ul At 2 AN B IEFE AT,
B FREANS o IX P 7 VAR S A e 1 A2 i
BRI A, AR AT R T — AN e R, R A X
BOREANT R E B R EK, R XA el 2
SRR IR AE R R T - #9140, MoCo (momentum
contrast) PONH T — ANTAZ R R A7 BT A RE AR 1) 45
fiE, MM 4Ed 17 — A P8 K B 7R AR BL A1 .
SimCLR™ Vit 9 000 LA 4tk Yok /N R ARE A /2
R R ) AT L5 2] .

SR, BORTHIWE A R, T IRIEEG R
BRSNS, FFEARFARLFTFR. Flu,
BYOL (bootstrap your own latent) P1H:T-25/: ki 2%
FIE T AELR N A EH AR 2 ST INE, 2 N1
28y et i w4 AN B w48 S 24, I
TEZE I 26 1y B To0 E AR R 28 A v, AT ZE AN

FAGOREA R B0 TS 7 AL . SimSiam!'iE
—IBRER T BRI, K2 TR E S
=, X H AR AL B (I SEmE, AT URSE IE
PEAERE R 22 5] BI4T R R oR - SimSiam J57% 1)
PR IE AT SR R S R 5, U 2/ IRtk
BIF AT RO 2], RSO B B RS RoR 2
fRrxf bb 2 S5 B2 H R R TR

2 FrigiRA!

2.1 1REBIZEH

BT IEFEAST S E RN A R EER
IR BRGNP 1 R, BERCR AR A N 4R S 1,
H 2 AN sc Ak, Hbd s — AN T
(5 & 15 5 AT RIS R R L3 ( Enc ). — /M
T AR 5 g 1 2R R K R 46 VE 5 3R AT B A 10 T A
(Pre); 724y Bk T gmbdas o asst, dasg—14
W28 (Proj ). TEASRUYIZRILFED, BEXHA
(8 i o AT P 3 SR 1S B TR R AT X, R x5 B
HIF RENZEA ML 2 DS, A0S0t x
BATHASAS BIREEROR 7, A 40 300 x, AT 4 ED
BEER Rz, . Bz« o, PHBENLE. AHK
(TR 2%, 75 30 2 0 E 5 i x) A X, A
HAEBKRE. S FBEERR g, BBILIENE
O3 32 (R 38453 B 5 L p, = Proj(z,) KX A5 20 S
B RN g, BT, WSROI p 4EE S
BERRNz - o, A, M p 5z, Z M R5LEE
BSAE SR L TR 2 s, FERE AT B /M B
R AL ¥z 7, MEEBUR R
Xof b T 45 2K bR B0 AT SR AN S B & AR R R
B, RAIBEEE R BRET ATk, AT S BLE
BRI ZATLE 2,

B
P,

WS 25 Proj B
Z ik
T35 Pre Fiiii) 2% Pre
z
X, . X,
4ifig 45 Enc T 3Enc
/ /
HER R x x HERR
\ VB R & R \
Aug Aug
4 TR ;

Bl 1 JETIEREA L R S A Y B B R o S
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fERB I EREAR R RS, K ResNet!'
E NG ds . SEUEAR, EEES R MESEM
BRFH, BAKMEENE, BRI+ A
Hi 9y S g 24K £ )2 Transformer 4 i 23"
PSS KB — R Eln—1N2 kAT
BABEM—A0EH R, s s — 5
AN B B B R o AT e I T 28 RO S 2
PIRAMERT R ML, AEEERR ] (RIT
% MBAEH, RRFISEHRGIRARDLE, K
1R BNTE B R E A IS5 B N FFAE o
22 HiEESE

EEOEE R, ASCRADIN S S WA
G SRR 3 PO SO S AT AL
BRI fE MBS e, DS R 2 Ny
SCHIINEARE - 25 RS BIFE DRI B 20 i A A5
BUTE S HAR AT 5, N TR NS AR AS
—8, XA 2 AN CIVUMER p, AT RENIE .

HARH, S4B x, ARPE0,1] L1
B AT RS p €[0,1], 24 p = p, BTG
B, HNAATEE . s s EEdE N

, x ., p<p,
* _{Aug(x) E M

Her, Aug(x) RaRMHNE S x EATRENLILE), 2
By rhifid Specaugment T B AAPS2H
2.3 IEHAITEEIRE R BT B REEN)IG T A

MR G R, KA 2 AN S HIgmis a8 fl
TOUI #8 F A R AU . SR BB R Bl S
PTG R P o 2 . Horpr, SRS
R AT 2457 S w7, Az, 5o SR AR 15 35 ot o dE
ITEEMIRE, 4% TERA BRI i, ASC
R L1 PERSRAT G S M E R, SEEM
KN

Lrecon = ll (x’ xl,) + ll (x’ x;) (2)
He, [ALLEEE, x] fx, 3R EL 2 M9
(1) B T

TR A 2 A0 SCITE SRR 2,
2 AT E AR R Tz, 2, 209000 B[R]
M ATEE I x KA FI G5 x, A x, TR IR
ARE S PRIAE I ZRITINAE 55 ek R 75 2 KA TEME
ST B bR 8 AR 52 A AR R AT

NPT, (e e RE T, XA 7337
PATHOREAT 384, AN HARR S TR T 5

Mg 8 2 21 0718 SimSiam!! A SZHG B0 F1EE {6
WERA 2 AN BEUEBH 1 6 P25 LA SCR F IEREAS AT X
b2z s i E . WIS B, BRI IR EAE Y
THAE S RN &, IR ZSH e S
$FHBH, KA EM (expactation maximization) %
%, EH S EE A S BRI S
AEALAGTE
ZE ERTIR, RHBEE IR ARG, BiE 7 X 2,
HEAT PRI P47 2 oR Kl
l.(2,,2,) = —cos(Proj(z,),stopgrad(z,))  (3)

Hrh, stopgrad(-) RRBEEEAT 1IE3AE; Proj(z,) £
7, Lt LS G R cos() Ron R B IA IR 5%
FEEY, HitHEN
a'b
cos(a,b) = ————— 4
el 1],

Horfr, |, %o L2 Y52

KPR T AA 2 NSNS RS e A
AHTE], 9 7 S RO R I ZRREA, AT [E] I SR
I z, X g, BEAT UM AR 400 2 R B, 45 BIRERR B S5 Tl
D457 2K R H Ry

1
Lpred = E[lpred (zl s zz) + lpred (z2 ’ zl ):I (5)
ZaAQMAS), RAVNGEBRRECN
L = Lrecon + Lpred (6)

TERA 8200 g 58 457 2 Bk B5ORTGT L T
KRR EI W E N 1. KX iRk sk Eod
ATRREE Rk, &2 222 B R9miY 2% Enc 1E N

= AN RIS
3 0§

3.1 SERE

S A AT EE4E Librispeech! I 2515 %
T A T IR RIEdE E TR R ERE, 2
fEFHEAHR 100 h TobsidEds (train-clean-100) £
960 h TARTEEHE (L train-clean-100. train-clean-
360 train-other-500) BEAT H W E Ik, Fifidds iy
3 JZ Transformer 4afd 4%, Fa&E4EE N 768, HE
J1398 124, FIRZE4EE N 3 072, dropout %N
0.1, TSk LI H 2 MR EM R, RS2
YEFER 768 Fhdas AN 80 4EE /R, Wik N
25ms, MiFZH 10 ms.
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¥ B J5 — 2 2 B 45 1) LD AR D9 B 4 A AR
AN SRR AMESS A R 1 73 2 A BTN g T TR U
£55. 7 FIES IR, EERREAA 2 Fifl
M7 — PR RIS 8 S8R, UE N RHIETR
WA Mgk gmidds 2805 T IS5 AHK
(AR Y 2 B 3k [R)7E 1 Ui A5 55 I bt 2808t B gk AT 1k
WGk TSR e ad Tlo Jm 5 3 B BRIl
ST, PN BA E RO

SEES A T BRI YO AN 2R R
BN E FIHE S IvERE . Hrh, BRSBTS
16 CPCPUHISEIG WEE, ] CPC 45 H % SE 1) o
77 204 train-clean-100 X7 AU ZREEFNMNALE, 551
LB T AL B R M R R 7 RS — AN RS R )
IIRAFHIVUITERE, OO IR 2 Moy 2R g SE
9645 3 HIAC A lib-plin A1 lib-phid; [F] i S256 -t )
i T 7E TIMIT (Texas Instruments/Massachusetts In-
stitute of Technology) ¥#E#E* b1 I i 2Lk 1 2
YEN R SEIREE A, 10 timit-plin. YIZRid 2
TR A58 S B R 4

FEVIE AN SATS b, [ARRENE CPCPI St
&, A CPC AR 73 7720 train-clean-
100 73 A IZRAEMMIREE, A R LM 25 E
oredn, DMECBETY i i i N e R UERI %, idh
spk-fro  YIZRIE Pl B S R 4

FEESAEF LS T, BE & R E N RHIE
BN, L Conformer 5% P10 7 2 i i, D)
Transformer fi#5 45 A i 5 158284 44 £ 7 2218 5 R )l
2%, 4y dF Librispeech () 100 h #1960 h K&
PR AR IR B AT I 25, I R SEAE
test-clean F#& I ff)A] 45 i% % (WER, word error
rate)o YIZRIEFE PRI GRS 4 518 F R0 R 4t
— RO I 25
3.2 100 h TAREHIELELER

A train-clean-100 X &5 A EAT I
g, MAHAES R MUEE N RAT45 LG
[FJIF R FH N S e A L I (AR OR S HE Al 3 b
Posnn 20, RHE 1 H A 2 AN SN LI
p, BATHENLIG . BN ZRd B 4 4> 1080Ti
GPU, BEHIIZHLIRAN N 8 (412 s ilEHEHHD,
WZREBHCN 200 000 5. TEYIZR FUETAR, 1EE
TN SHBIRES, I E ARSI .

o, XA E B G SRR p, BT T 0 B S
¥, HHR T p,=0.5. p,=0.8. p, =1.0 K

RIPERE . AN R R o A I B AR AR R A 55 T 10
I LERWNE 1 Fion. £ 1 Hbg T 53 32
FNHEATIE R CRRRRIEIR) MIRCR.

x1 TRBEEEHERMREE THESHHSIRER

RN timit-plin lib-plin lib-phid spk-fr
L1 70.86% 70.97% 7927%  99.80%
p,=1.0 66.97% 64.81% 73.50%  97.59%
p,=0.5 71.39% 71.25% 79.77%  99.76%
p,=0.8 70.27% 69.85% 78.50%  99.62%

M AT, fEERSFBMTS L, p, =050
RUPERERCHE: RV RATS T, kR ey
SR RAE, p, = 0.5 BEERHERR S5 2 BT, U ZE
0.04. [Ftt, 7RSI, B p, = 0.5 FATHE5%.

e, A T AR SO PR A A A B
Ao AN IERE AT El g o K A 22 AT 45 2 2T B
(o gE, TR I 6 bE I T FH A TR I 25 808 1)
Mockingjay. TERA B2 [1)1EEE. 100 h TobriEER
NISRER S R 2 .

=2 100 h TARF IR T HISEIR AR

e it timit-plin lib-plin  lib-phid  spk-fr
CPC 64.8% 64.6% 72.5% 97.4%
Mockingjay'"! 64.7% 60.1% 75.3% 83.4%
TERAP! 65.6% 65.2% 77.3% 98.9%
pMPC?Y 68.1% 67.3% 78.8% 99.5%
sial 00-rec 69.66% 70.52%  78.84%  99.65%
sial 00-con 49.72% 4632%  54.02%  75.95%
sial00-mt 71.39% 7125%  79.77%  99.76%

K2, sia RARAHARL, 100 Fail g
N 100 h, rec. con Al mt 4317 FH B2 2 4 2k
ASUASE P I B A St Bl 40 2 AN ] 22 4 5% 2 ST I sz
a5 5. B, sial00-rec A CARALZE 100 h |
SREA . AU FH B R AR ) SR 4

AN A FH B @4 2k AR RS (sial00-rec) A] LAEAEXT
TERA HRUEHAT T Hdmg s, MR 2 aran, HAES T
WA S VBRI T TERA HAY  ANAE FH IEAE AT
FLAR 5 AR (sial00-con) AEMS: )3 —E ME R,
{ESEPERBAERT 2, AR SCHEMIX A2 B T AR I i
FE AP A BAANE S MR T X E, TR R4 B
b, FEWRITGIES BRI, 8 IEREAXT EE A
HEWRHAT 252 I IR (sial00-mt) 7EFTH
TR SS BIR A 1 e AA B B, BRIE T AR SRR Y
HOFSEY
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3.3 960 h JIZHELILLER

KATHE—PAE 960 h Tohry£d b XA AT
Nk, SHRES 3.2 WA, S
HERK/NEEE N 8 (4 12 s iBHHHR), IIZRm B3
9 1000 000. 25625 R4 3 Fiw.

MF 3 FHL, ASCHER (5ia960-mt) {EFTH K
AR5 eI T TERA B, 76315 N 23 284 F
% (spk-fr) Al TIMIT 44 L& R0 RIS
(timit-plin) o, AR (sia960-mt) [FJHERHZ
it 7 wav2vec 2.0-Base 1% ; 7 librispeech 3% &
AR SS (lib-plin A1 lib-phid) &1, PEEERRIL T
wav2vec 2.0-Base f58 , X — &5 S0 B K E T,
AT SRR D, 5 S W & R s B 2 AR
KA SR ULEUG, B AT i, Bt
RS R B LMy He2% LRIUEL, MfeEql
F 2 2R 25 N a8, IR A v i S AR L
wav2vec 2.0-Base 1B EEAL .

AR T BB SR RO,
I ZRALRIE K3 32, YIZREECH 1000 000 25,
FIRN s1a960-mt-bs32. MSLIGLERE, AL
RRedt— Pt miE S RN e, TERTA TF
ARSI IR T AR5 R

T A SR S B &N wav2vee 2.0-Base

ﬁﬂmi,aaﬁmmﬁxﬁﬁww%z,amm

PAFEAAS ] 4 > 2080Ti GPU. S KIZRHE RN K
32 (AT 48 s iBH A BBV BT Il 2R
R, BARIGFTRR RIL08 9.5 K. HZ A,
RN =41, wav2vec 2.0-Base HAY7E |
SRR T 64 A V100 GPU, BNkt ok

IO, AR SO B TN SRS B AH 24 458 FH S A~
GPU Tl 38 &, wav2vec 2.0-Base #5844 24T
A GPU FillZ: 102 K. K, A%
SR, PP E SRR D, PR S R TR
RIHET N . R 4, MRS I 2R B2 AT HE 3
EENIA— b gE B R R L, i PR R 2 2
AT E RIS AR, wav2vec 2.0-Base f54!
FEMAEE EROHERRRT AN 3.8 min, AN SCREARY TR 2
1.7 min, FEFIHE TR wav2vec 2.0-Base FiEIf) 2.2 fi%.
3.4 EEIR7

BB TR BT 458 ESPnet T BARCOSZH,
181 960 h TobriEEHE X RN BAL AT B 25, AT
I3 AFE 100 h A1 960 h A bRiEHE SFAF N0 L
PR AL BEAT IR, LA ISR B = B R I 25
4, Ay HIHAAERLE test-clean T-4& /0 WER, |
AR UL S . FHEERAR A Conformer 142,
Trans T/l 58K Transformer fREIGES4EH,
4-gram F7 K VU T 0ETE F AL

M 5 HISRIR s T A, FEMA] 100 h A ARVE
BARHAT oA, SRS E B AL,
s1a960-mt 5 Speech SimCLR ] WER 1%, 4 5.7%:
BE— BRI GRRON G INZE 32 J5, sia960-mt-
bs32 ff] WER #t— B [#{K, N 5.5%. X —SLIG45 R
HHFE 2542 (100 h GARERE K
wav2vec 2.0-Base fl HuBERT-Base # tL it — 2 )
Z2ph . ] 960 h A B EHE BEAT M 5 5 sia960-mt
5 wav2vec 2.0-Base fil HuBERT-Base f ! FLL,

‘Mmﬁﬁawﬁmm@ﬁﬁﬁiﬁ%ﬁﬁm%%o

WRINGRIR KNG, sia960-mt-bs32 7Y i P e

/NN 16 he I 4 R, EAEEANR GPU e #E—4 %, WER F#KH] 2.3%.
%3 960 h AR HIBRIMIN AR

bl et SRR timit-plin lib-plin lib-phid spk-fr
Mockingjay!"! 22X10° 58.4% 67.0% 79.1% 99.3%
TERAP! 222X 10° 70.0% 71.2% 80.2% 99.2%
wav2vec2.0-Basel®! 952X 10° 73.26% 75.89% 85.54% 99.40%
5a960-mt 232X 10° 74.34% 74.80% 82.40% 99.69%
5ia960-mt-bs32 232X 10° 75.33% 76.36% 83.17% 99.78%

%= 4 AIHERL S wav2vec 2.0-Base iREISHE . I ERELER

TR SR IZRT IR TRUZRIF[A]/ R C(BAAS GPUD ARSI SRk i HEHE
ARSI 23%10° 2080Ti GPUx4 38 1 1

wav2vec2.0-Base!™! 95X 10° V100 GPUx64 102 43 22
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ENE TKCMEE
x5 BEIRFESMINER

(it SRR EEHA FEHGEM WER
wav2vec-Large!®! 33%10° Trans 100 6.9%
TERAP 22X10° Trans 100 6.0%
Speech SimCLR™ 30X 10° Trans 100 5.7%
51a960-mt 23%10° Trans 100 5.7%
51a960-mt-bs32 23X10° Trans 100 5.5%
wav2vec 2.0-Base!®! 95X 10° 4-gram 100 3.4%
HuBERT-Base!'! 95X 10° 4-gram 100 3.4%
wav2vec 2.0-Base!™ 95x10° Trans 960 2.1%
HuBERT-Base!'! 95x10° Trans 960 2.2%
sia960-mt 23X 10° Trans 960 2.4%
51a960-mt-bs32 23%10° Trans 960 2.3%

3.5 SUPERB Eix

SUPERB!™ & — AN 5 4 FLE FH 1k A 3k v HE AT
B, BAEAE T AL DR A —ANFR A0 4 T
&, F T VRN I 2545 B 75 300 25 05 & BT A 7 T 1) 2%
PAESS ERIRTHE %, il 10 Z2AMESSRIE
BRAXMEENS WG B XHETES 4 M7
T ) 22 35 g

A5 £ BEAE SUPERB [ 6 ME S5 B A SR AY
AT, BARR.

= # 1R (PR, phoneme recognition) 155, fiiH
LibriSpeech #{#fi ££ ] train-clean-100. dev-clean .
test-clean FEE M HIVEAVIZREE . Sk, WA, W
WATEN PR N5 2 =% (PER, phone error rate) .

IR (KS, keyword spotting) {155, fi#iH
Speech Commands v1.0 ##E4E, 5 10 FhoCHAE .

BAARA, TR AUHERZE (ACC, accuracy ).
= K424 (IC, Intent classification) F55. fE1E

EOF IR N 4T 5325, 4/ Fluent Speech
Commands 3R, WM TERR N ACC,

i1 AFEA (SID, speaker identification) 155
TEAREGHEAT /3, ] VoxCelebl K 4T
YIGRAIES, PENFERR 8 ACC.

S ) FHEARIERLN (QbE, query by example
spoken term detection) {F55. %H QUESST 2014 &
PRERFE T B G T, VPG TR bR 2 SR UM AUE
(MTWYV, maximum term weighted value), HE5 &fHs

Pi1i NN (SV, speaker verification) 1155
8] VoxCelebl #t#i%E, R x-vecter™ Mk T il
A, PR FE PR N4 =% (EER, equal error rate).

SEIGHCR A SUPERB BRI 7 V5T bk

6 MESFATINAK, Fr SR ZRA R AE i o 1)
FHESRIES, SHRFRRS .

x o6 TEART ZF B B WA
SUPERB &4 FRMIALE K. MR 6 FrLLEH,
Mg A B R B SRR S IR AE R
TNUHES AR, 4R ZHUT S FAHEE log-Mel
WA BRI . A SO 5 2 8 A Y A
b, fERTEAES DrEReaRIRtE; 52 8EREE
] wav2vec 2.0-Base 1 HuBERT-Base #HIAH LY, fE£
AT FA AR, FinlefE SID (155 F, 1%
Ae L T wav2vec 2.0-Base fl HUBERT-Base 171 ,

4 LERE

ASCHEW T —FlET 0 B MRS E &R T
2 ZITEFET AR S G5, R U IERE A
XS SRS IR AT S5 A &, LB AR
S5 S B B 5 RS . SEVE JIEM
b, ARSI ROV 1 IEREASE TR L 5], i

=6 S B SET)IZEE7E SUPERB B FAVMIREE R
et GRS PR-PER| KS-ACC? IC-ACC? SID-ACC? QbE-MTWV1 SV-EER |

log-Mel i 0 82.01% 8.63% 9.10% 8.5X10° 0.005 8 9.56%
Mockingjay!"”! 19%10° 58.88% 82.37% 30.29% 35.84% 7.0x107* 10.91%
TERA" 22%10° 47.53% 88.09% 48.8% 58.67% 8.7X10°° 16.49%
wav2vec 2.0-Base!®) 95x%10° 28.37% 92.31% 58.34% 45.62% 8.8x107* 9.69%
HuBERT-Base!'¥ 95%10° 6.85% 95.98% 95.94% 64.84% 0.0759 7.22%
$1a960-mt 23X10° 46.58% 89.81% 66.54% 65.13% 0.017 8 9.23%
51a960-mt-bs32 23%10° 44.40% 91.37% 66.70% 68.59% 0.018 1 9.52%
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ANRIATEEAT IR FEH R K

VLl N FEANIE S

B NS RIS SR K B, 5 TERA
LFESHE TR, A CHERAE
IFHITERE: AR, 5 wav2vec2.0-Base 5= K
2 RN ITEARL, ARSI R RO PR AR A
R AT T E R R A B 2@ T
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