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Table 1: WERs (%) on various test sets for the models compared
in this work. The attention-based model with two decoder layers
is the single best sequence-to-sequence model.

Model . CLa . Nety numeric
dict | vs dict | vs
Baseline Uni. CDP 6.4 9.9 8.7 14.6 11.4 :
Baseline BIDi. CDP | 54 | 86 | 60 | - 1.4 Hybrid
End-to-end systems
CTC-grapheme” 394 | 534 ; . .
RNN Transducer 6.6 12.8 | 85 | 22.0 9.9
RNN Trans. with att. | 6.5 | 125 | 84 | 21.5 9.7 End2end
Att. 1-layer dec. 6.6 | 11.7 | 87 | 20.6 9.0
Att. 2-layer dec. 6.3 11.2 8.1 19.7 8.7

HLEbhybridEHZ TR, wFiEEEE MU TS

o JIGEE, EHiEseq2seqitfTi)ll%k

« Attention/Transducer lossf&IE 7 %y 4t <7 MR 1%
o WIRFHIEEEKRILRZ ? ?

“A Comparison of Sequence-to-Sequence Models for Speech Recognition.” /nterspeech. 2017.
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NLPE =

Semi-supervised Sequence Learning
context2Vec
Pre-trained seq2seq

— ‘
ULMFiT ELMo T

- il
Multiflingual Transformer Bidirectional LM
0 Larger model
. & S ) More data
MultiFiT
A Defense
= _—
Cross-lingual BERT GPT-2
Grover

arger

Cross-modal Encader-Decoder

2l GPT-3
+Knowledge Graph

UDify » 1-DNN

MASS Permutation LM
Knowledgeldistillation UNiLM Transfbrmer- XL -
R Span/prediction Morejdata . VideoBERT
MT-DNN 4 CBI o
KD YiLBERT . BART
E.RNIE VisualBERT ERNIE (Baidu) PEGASUS
(Tsinghua) B2T2 T5
XLNet . BERT-wwm
SpanBERT KnowBERT  Unicoder-VL VoE
RoBERTa KEPLER LXMERT °
VL-BERT Switch Transformer
UNITER

Figure 9: The family of recent typical PTMs, including both pre-trained language models and multimodal models.

FOlREEATEL -

1. Feature-transfer
FARTTEELIEMINGMZE, T4 aIMZE 2 i
FEREEE, A THEAE REESIRMESE, W
ELMo. GloVe

2. Parameter-transfer
fFARTTEEEIETINGMZE, Tl AR 2518 0
FTEYZ M E Mloss, #HT TFRA BEESIZ,
EL4NBERT. GPT. BART

T4 E AN B fRREK -
1. LM (GPT/ELMo) :

n+1
ﬁ()() = Z log P(32¢|$7;_k, ceey Lj_15 @),
1=1

2. MLM (BERT/BART)

L(X) = log P([Mask]; = yi|X;©),

=1

"Pre-trained models: Past, present and future." Al Open 2 (2021): 225-250.
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B D ABCDE

Bidirectional Autoregressive m %
Encoder Decoder

A_C_E <s>ABCD

(a) BERT: Random tokens are replaced with masks, and  (b) GPT: Tokens are predicted auto-regressively, meaning G PT Pa ram ete I- tra n Sfe I M as ked tra nSfO rmer

the document is encoded bidirectionally. Missing tokens ~GPT can be used for generation. However words can only
are predicted independently, so BERT cannot easily be condition on leftward context, so it cannot learn bidirec-
used for generation. tional interactions.

ABCDE
BERT Parameter-transfer XX [a]transforemer

Autoregressive

Bidirectional
A_B_E <s>A B C D Encoder (3N [o)f{2%)
(c) BART: Inputs to the encoder need not be aligned with decoder outputs, allowing arbitary noise transformations. Here, a BA RT Pa ra m ete r - tra nSfe r D ecod e r' ($ |'E—| |X—XJ 2%)

document has been corrupted by replacing spans of text with mask symbols. The corrupted document (left) is encoded with
a bidirectional model, and then the likelihood of the original document (right) is calculated with an autoregressive decoder.
For fine-tuning, an uncorrupted document is input to both the encoder and decoder, and we use representations from the final
hidden state of the decoder.

= FMNLPTRII SRR ZL ST EL 7R R NLPFUI AR B A 2 FSE 0. M4

"Bart: Denoising sequence-to-sequence pre-training for natural language generation, translation, and comprehension." arXiv preprint arXiv:.1910.13461 (2019).
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4 4 4 4 4 4 4 4

Fbank$ ?fl: 5|§§l7<t + Tfl]J *Mi':GPT
MPC (Z':T) Fbank4F4E Masked i transformer MLM K {LFBERT

"An unsupervised autoregressive model for speech representation learning." arXiv preprint arXiv:1904.03240 (2019).
"Improving transformer-based speech recognition using unsupervised pre-training." arXiv preprint arXiv.1910.09932 (2019).
"Audio self-supervised learning: A survey." arXiv preprint arXiv:2203.01205 (2022).
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LR — _ Z__: (loga (2 1Pk cz))+AE[loga( Thk(ci))]) contrastive loss : z;4x XNV IEMAR, pyWNAHERAES
| EmA | | IER%
wav2vec (ZE) wave KKt + T CNN Contrastive loss T & Sk B9 b
wave xFKt+ 1 CNN+EZf¢ Contrastive loss \
vg-wav2vec (AE) _ 73 B R B X
S Maskedin BERT MLM loss

"vg-wav2vec: Self-supervised learning of discrete speech representations." arXiv preprint arXiv:1910.05453 (2019).
"wav2vec: Unsupervised pre-training for speech recognition.” arXiv preprint arXiv:1904.05862 (2019).
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RN . siive Los WL 53 B = 2
— M- P | 1. Encoder | B ZHNEAL HISIERS)
Distractors ( 2. Context Network j%iﬁ]\ %?Eiﬁﬁ?ﬁﬁ%?ﬁﬂ%

3. Quantisation Module : ¥ B frif 7 28010

? ' . ? t t 4 ?
4 4 4 T 1. Qt%ﬂTJ—.Ejlizlg, Q%HTﬁ\*izlx
L § : iz | 2. sim() 3=~ M E) EfJcosEE B
o u
*

exp(sim(ct,qe))/k
quQt exp(sim(ct, q))/k

L, =—log

E
4

Masking :
1. Encoderf9%ar B fmask{’E & context M 2& B9 % N\
2. R E Simasking e g,  BE4E & EE49%

"wav2vec 2.0: A framework for self-supervised learning of speech representations.” Advances in Neural Information Processing Systems 33 (2020): 12449-12460.
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1h labeled
Discrete BERT [4] LS-960 4-gram 8.5 16.4 90 17.6
BASE LS-960 4-gram 5.0 10.8 b 153
Transf. 3.8 9.0 4.0 9.3
LARGE LS-960 Transf. 3.8 7.1 3.9 7.6 yx
LV-60k Transf. 33 64 34 68 > VNIERR
100h labeled
Hybrid DNN/HMM [33] - 4-gram 5.0 19.5 5.8 18.6
TTS data augm. [29] - LSTM 43 135
Discrete BERT [4] LS-960 4-gram 4.0 10.9 45 121
Iter. pseudo-labeling [56] LS-860  4-gram+Transf. 5.0 8.72 5.37 951
Iter. pseudo-labeling [56]  +LV-60k  4-gram+Transf. 3.19  6.14 372 .11 100/\Fgb I
Noisy student [41] LS-860 LSTM 39 88 42 8.6 > LUU/MiTbaseline
BASE LS-960 4-gram 2.1 739 3.4 8.0
Transf. 2.2 6.3 2.6 6.3
LARGE LS-960 Transf. 2l 4.8 2.3 5.0 +
LV-60k Transf. 2.0 4.1 2.1 4.4 100/M 4R

Wav2vec2.0 FEIEZFIRAES T EHN LR ER
« ZFlibrispeech’/AHEIEERII00/NEHES T HEE TSOTARNER, PBEMRL T2 LTk
« REHATUNTEFRERIE, wav2vec 20ME R o] UL T ZBI100/ NI FRE IR SR IFE R

wav2vec 2.0 THERTE 7 HUNGEIBSES R, RIBFER T X ARTE0E 8 R




W& 2 HA - 57k F3 18] -HUBERT

L E: feature target
Acoustic Unit Discovery System . lterl: MFCC K-means modell
(e.g., K-means on MFCC) !
: ! ! ! ! ! i feature target
. v ' v v v | iter2: modell ———> K-means ———* model2
Z, 2 Z3 Z, Z5 - i
4 ‘ $ o feature target
~HUBERT . iter3: model2 ———> K-means > model3
Transformer E
I 1 l 1 1 1 E 100-hour labeled
i IPL [12] LL-60k 4-gram + Transformer 3.19 6.14 3.72 7.11
" [MSK] [MSK] [MSK] ® . % ' SlimIPL [54] LS-860 4-gram + Transformer %) 4.6 2.7 52
1 2 & i Noisy Student [61] LS-860 LSTM 39 8.8 42 8.6
T 1 T | DeCoAR 2.0 [50] LS-960 4-gram - ; 5.0 12.1
, | DiscreteBERT [51] LS-960 4-gram 40 10.9 45 12.1
| | wav2vec 2.0 BASE [6] LS-960 4 2.7 7.9 34 8.0
CNN Encoder : wav2vee 2.0 LARGE [6] LL-60k Transformer 1.9 40 2.0 4.0
‘ i HUBERT BASE LS-960 4-gram 7 78 34 8.1
: HUBERT LARGE LL-60k Transformer 1.8 3.7 2.1 39

e ) TR ) | HUBERT X-LARGE LL-60k Transformer 1.7 3.0 1.9 3.5
| 'F LG

HuBERT 24 _F ERNLP4RIE FYBERTAR AV FE E 484, TELibrispeech 100h{E% 3R Rk ifFERwav2vec2.04H 2

"Hubert: Self-supervised speech representation learning by masked prediction of hidden units." IEEE/ACM Transactions on Audio, Speech, and Language
Processing (2021): 3451-3460.
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Encoder Post-net

N

Masked Prediction Loss e :
econstruction Loss

w/ reduced cluster label

v
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ZWM%

"Pre-Training Transformer Decoder for End-to-End ASR Model with Unpaired Speech Data." arXiv preprint arXiv:2203.17113 (2022).

Transformer Decoder

Decoder Pre-net

K V4

N1l

A Vd

100 hours subset

wav2vec2.0 BASE [11] None 6.1 133
wav2vec2.0 LARGE [11] None 4.7 9.0
HuBERT BASE 7 [12] None 6.3 13.2
SpeechTS5 [15] None 4.4 10.4
Baseline None 5:0 11.9
Our Speech2C None 4.3 9.0
wav2vec2.0 BASE [11] 4-gram 3.4 8.0
wav2vec2.0 BASE [11] Transf 2.6 6.3
wav2vec2.0 LARGE [11]  Transf 2.3 5.0
HuBERT BASE [12] 4-gram 3.4 8.1
SpeechTS5 [15] Transf 2.4 5.8
Baseline Transf 2.5 6.3
Our Speech2C Transf 24 5.2

=it & Fencoder-decoderZ2 #3 k {5
RIS FIBARTHERY,
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Pre-training (wav2vec 2.0)
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"Bigssl: Exploring the frontier of large-scale semi-supervised learning for automatic speech recognition.” arXiv preprint arXiv:2109.13226 (2021).
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Unlabeled speech Self-supervised pre-training Model fine-tuning

samimaEiie

o SRR e

R utiingual T e L Wav2vec 2.0 / XLS-R _aniiiine b _coiiiiiies -
/ ; 2 .

] LibriSpeech | gf;g:g?g:;ﬁ; ) r ?‘ |? . Recognition ;. Translation ;. Classification ;
‘\. 50k'cf?7:;lésb-oilgngs 7/ .\. Read speech §7 1 ‘~,\. -__‘.' '\\\ -'._,' “.\~ —-__,'
e _ad g _cud Transformej \ T S

e Sasmamperese L [ I T | @ 00 00 , et _ge
______

- —— ese=msas, 1 [ EE R [ 0909090909000 Y _Lee=*® ___ _aeeee"

- o - e == ee=e==

- e o . Masked
/" VoxLingual07 ’ BABEL \
\ 6.6k hours - 107 langs | Tk hours - 17 langs |
'\ Youtube speech ’/' \ Phone conversations /

7 .
/7 VoxPopuli N
\ 372k hours - 23 langs )

\ Parliament speech 7

Cememmoe="

100000

. es fr it ky nl ru sV tr tt  zh-HK Avg
S 10000 ] Labeled data 1h 1h 1h 1h 1h 1h 1h 1h 1h 1h
%D ¥
E 1000 Previous work
'§ m-CPC ~38.0 47.1 405 412 425 437 475 473 420 55.0 445
= 100 Feretal. (2017) 36.6 483 39.0 387 479 452 526 434 425 543 449
£ XLSR-10 79 126 117 70 140 93 206 97 72 22.8 123
S 10 XLSR-53 2.9 50 57 61 58 81 122 7.1 5.1 183 7.6
1 This work
High resource < (English, German, ...) Low resource — (Sinhala, Zulu, ...) );ig:g E(I)E?;g) ;(1) gg §g ‘5‘_1 ‘5‘3 2(1) gg 22 ‘3‘;- 12(7) g?
Figure 2: Illustration of the unlabeled training data distribution across the 128 languages of XLS-R. K55 EE) 2 0 35 40 &7 59 S0 40 29 1484 43
N V4

Meta AlXT ZIEFIIZRE) TIEXLS-R, F5il)ll2 MEFH, &1143.675/ME, T

#IBE common voice_F EEE Tj(ﬂ]ﬂmﬂ‘ ﬁﬂﬂ*ﬁilﬁ‘%ﬂ:/ﬁ
https://github.com/facebookresearch/fairseqg/blob/main/examples/wav2vec/xlsr/README.md

"Xls-r: Self-supervised cross-lingual speech representation learning at scale." arXiv preprint arXiv:2111.09296 (2021).


https://github.com/facebookresearch/fairseq/blob/main/examples/wav2vec/xlsr/README.md
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Benchmark . https://github.com/s3prl/s3prl

SUPERBMZE 7 =12 S | &R B R lybenchmark,

ESMNATEESE FEIEXNNIER,

"Superb: Speech processing universal performance benchmark." arXiv preprint arXiv:2105.01051 (2021).

* The four columns (1)~(4) correspond to the macs calculated with short, medium, long, longer bucket
respectively

Method
WavLM Large
WavLM Base+
WavLM Base
HuBERT Large

wav2vec 2.0 Large
HUBERT Base
LightHuBERT Small
FaST-VGS+
wav2vec 2.0 Base
DistiiHUBERT
DeCoAR 2.0
wav2vec
vg-wav2vec
APC
VQ-APC

NPC

19.9

8%

15.8

15.4

15.25

13.95

13.15

12.35

2

10.6

8.9

5.8

S¥75

5.4

Score

1145

1106

1019

919

914

941

901

809

818

717

722

529

422

392

377

386

PRV

3.06

3.92

484

3.53

4.75

5.41

6.6

7276

5.74

16.27

14.93

31.58

33.48

41.98

41.08

43.81

KS »

97.86

97.37

96.79

95.29

96.66

96.3

96.07

97.27

96.23

95.98

94.48

95.59

93.38

91.01

91.11

88.96

IcCn

99.31

99

98.63

98.76

95.28

98.34

98.23

98.97

92.35

94.99

90.8

84.92

85.68

74.69

74.48

69.44

SID M

95.49

89.42

84.51

90.33

86.14

81.42

69.7

41.34

75.18

73.54

74.42

56.56

38.8

60.42

60.15

55.92

ER:

70.62

68.65

65.94

67.62

65.64

64.92

64.12

62.71

63.43

63.02

62.47

59.79

58.24

59.33

59.66

59.08

ASR ¥

3.44

5.59

6.21

3.62

3.75

6.42

8.34

8.83

6.43

13.37

13.02

15.86

ili7871

21.28

21.2

20.2

QbE

8.86

9.88

8.7

3.53

4.89

7.36

7.64

5.62

2.33

5.11

4.06

4.85

41

3.1

2.51

2.46

SF-F1 1~ SF-CERV

92.21

90.58

89.38

89.81

87.11

88.53

87.58

88.15

88.3

82.57

83.28

76.37

77.68

70.46

68.53

72.79

18.36

21.2
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fbank L1 loss
MPC fbank transformer MLM loss BERT
Wav2vec raw waveform CNN Contrastive loss GPT
Vg-wav2vec raw waveform CNN+transformer  Contrastive+MLM loss BERT
Wav2vec 2.0 raw waveform CNN+transformer Contrastive loss BERT
HuUBERT raw waveform CNN+transformer MLM loss BERT

Speech2C Raw waveform CNN+transformer  Contrastive loss+MLE BART
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“Improving Streaming Transformer Based ASR Under a Framework of Self-supervised Learning.” Interspeech 2021.
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Table 2: WER results of streaming transformer based models Table 3: WER results of knowledge distillation and self-

whose EIL l:s ﬁx ed at 4.80 L N 3 indicates bidir ectiongl frans- training. KD indicates knowledge distillation and ST indicates
former, S1 indicates Time-restricted Transformer, S2 indicates self-training

Chunk Transformer, S3 and S4 indicate Block Transformer. C
and F are the chunk size and future size (in millisecond).

Model KD ST BEN test
dev fext clean other clean other
Model C
clean other clean other N1 5 . 2.9 8.1 313 8.1
N3 - - 2.9 8.5 35 8.4 N4 N b4 2.9 7.4 3.2 7.6
S1 - - 3.9 13.0 4.4 13.0 S4 - - 39 10.3 3.9 10.4
S2 960 0 35 114 3.9 114 S5 Y N 3.3 9.6 3.7 9.8
S3 480 240 34 10.5 39 10.6 S6 N X 33 8.6 3.6 8.9
S4 240 360 3D 10.3 3.9 10.4 S7 Y Y 3.2 8.5 3.5 8.7
AR ERIER two-stageZERIHER

LR E -

* Pre-train{E ALibrispeech 960h%#&E, Fine-tuneff AHclean-100h%1E

« fREL{E R TIEMLibrispeechiE = R AY

SMiopE

« AEIARTRERHEIN, BEHRIEBRKAMHERE T (N3->54)

« FELESAEIE L, IEH B9two-stageE SEST7Etest-other M EEENE T AHXT 15%EIHEXIREFE, KR4
INT RAZREMIERNZSE (N3) Bgap

“Improving Streaming Transformer Based ASR Under a Framework of Self-supervised Learning.” Interspeech 2021.
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T entropy |—> Jomnt decodmg < E 1} E E Feed Forward :
loss Nx | | Add & Norm g — ;
FC FC E T ‘| ! | Add & Norm b %1
y Y : Multi-head ol T ;
A ' | Self Attention 1K Multi-head
" ) /| 1| Cross Attention ||
W2v-encoder > OCD Woveencoder —>3 00D 3z 00 --------F-——-- “ L 7.3 :
1\ ,t\ ,T‘ 1\ Embedding Layer A P,f
2 . L ) I I
Wayv input Previous tokens Wav input Previous tokens Previous tokens W2v-encoder output
I ER RO ER OCDANFHEEITIR T

BEE R :

1B E LB XTI SRR FNE ST AR BV B MR MR FIARER, ASRRE F— S 7 L PRERD
FIISFE R IETE XTIl ZAR R (ELINBERT/GPT) HMUMSRER, XFshallow fusionfygh& 77
L AR, BB RETER.

EiEelH -

AR Y 7 —FPOCD(one-cross decoder) By M8 45, £ B FARBIAY IR ER AL TG &
ST SARELHR ST T REE, HAencodergRorfE Awav2vec2.0, decoderEh 2 FHGPTHREY

“Improving Hybrid CTC/Attention End-to-end Speech Recognition with Pretrained Acoustic and Language Model.” ASRU 2021.
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Table 3. The CER (%) of our ASR models with different Table 1. Details of the ASR models’ parameter number.
decoders on the AISHELL-1 corpus. ASR Model Encoder Decoder CTC Branch  Total
ER
ASR Model Encoder Decoder de\c/: _— baseline 101.6M 63.2M 3.3M 168.1M

Preformer 94.4M 61.0M 3.3M 158.7"M

baseline Transformer Transformer 5.9 6.3

pmposeg Transi"rmer O%CDI g ; 2'6 Table 5. The CER (%) of our ASR models with different
Propose Transformer D- : 7 ways of using the DistilGPT2 on the AISHELL-1 corpus.
proposed  Transformer OCD-3 3.2 3.1 CER
proposed  Transformer =~ OCD-all 53 5.7 ASR Encoder ~ Decoder LM ey test
Preformer ~ w2v-encoder OCD 43 46 baseline Transformer Transformer vanilla 5.9 6.3
Preformer ~ w2v-encoder OCD-1 45 49 baseline Transformer Transformer DistilGPT2 5.3 5.7
llireiormer ng-encoger (g) é:];) _3;1 i; 2(1) proposed Transformer OCD vanilla 5.1 5.6
felonmer  Wev-encocer - : : proposed Transformer OCD DistilGPT2 4.8 5.2
proposed  w2v-encoder TCD. . 43 46 Preformer w2v-encoder ~ OCD vanilla 4.3 4.6
proposed ~ w2v-encoder OCD-no-init 4.9 5.2 Preformer w2v-encoder OCD DistilGPT2 3.9 4.2

KEIRE :

* Pre-train : {£ BAISHELL-2%3E )| Ziwav2vec2. 0488 {F R FFEIIGPT AR EY

* Fine-tune : {FEHAISHELL-1£IEE

SEER :

e Tablel : EZHEAREMIERLT, PreformerfBLtbaselinek & 20%4E X418 F+

* Table3 : OCD-nZxx/RCPTHRENET X%, MNERKELIHEEERTIT

« Table5 : #EPreformer&Efli £, ZEMRRIMNERSIAGPT, 1£0] Ui —PIRAREHNIRAIRER

“Improving Hybrid CTC/Attention End-to-end Speech Recognition with Pretrained Acoustic and Language Model.” ASRU 2021.



QeI SE A XA 40 3E ¢ - KT-RL-CIF
| T";’?ﬁ ---------- @;@ --------- e SigmoldmaxFCM)): |
5 i oy = —2m N,

1 . s ' M
CTC loss ! Cosine embedding loss : Zm=1 W I, CIFAL I3 B S A (e B
(FC & goftmax] 5 : ' 5 \
- l CIF Attention E L= Wy - hy,, . oy A A
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iy Target length
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KT-RL-CIFE &A= CIFE AT EIRE

)AL :

- BIAEREAPreformertRB R REE T HERIAEMNEH, ERERUNEIEFEFESHELR KA
A, ATT{ELFREM

BEEIFH -

e KT-RL- m&fﬁ’*”i}ll ZBTEX 5| NBERTARE!Y, B CIFHLHI I TEE, MAESLIREDIIIEIEBERT AR

o JIZKiTFEF @I cosine embedding lossHEBERT IR X FRALBE /1 5] FE 2R AT F%

“ Improving CTC-based speech recognition via knowledge transferring from pre-trained language models.” /CASSP 2022.
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Table 2. The CERs (%) of our ASR system with different structures Table 5. The CER (%) of our ASR system using different pre-trained

for knowledge transferring based on representation learning on the 1M on the AISHELL-1 corpus, which is decoded with external LM.
AISHELL-1 corpus.

: ASR Model dev test

ASR Model Aux WithLM NoLM
Loss dev test dev test Vanilla w2v2.0 CTC 45 49
Vanilla w2v2.0 CTC - 45 49 51 56 KT-RL-CIF based on w2v2.0 (using BERT) 4.1 4.2
KT-RL-CIF based on w2v2.0 Cosine 4.1 4.2 43 4.7 KT-RL-CIF based on w2v2.0 (using GPT2) 42 45
KT-RL-CIF based on w2v2.0 MSE 44 47 48 5.1 KT-CL based on w2v2.0 (using GPT2) 44 4.6
KT-RL-ATT based on w2v2.0 Cosine 4.2 4.5 4.6 4.8 KT-CL based on w2v2.0 (using unidirectional BERT) 4.4 4.7

SLISRE

* Pre-train : {# FHAISHELL-2%381)| Zhwav2vec2. 0 ) {$5 A FFEAYGPT/BERT A S 4 &Y

* Fine-tune : {FHAISHELL-1£IEE

BRGER -

* KT-RL-CIFREV KT FbasetZ ), AR AIRL T I EHIPreformer, TMESEHEE D

« Table2Xftt &I Cosine lossft FMSE, —MEEEXN TEEEMNHEUEENMMESEAEAEER
« Table2Xftb A TLZEZENLHFHCIF (KT-RL-CIF) , fHEbZSERJAttention (KT-RL-ATT) FE{L
« TableS%5H T EBARBAIEXTNGIRE N ER, FEKT-RL-CIFIEZR N HEIBERTHLFGPT

“ Improving CTC-based speech recognition via knowledge transferring from pre-trained language models.” /CASSP 2022.
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“Explore Wav2vec 2.0 for Mispronunciation Detection Improving.” /nterspeech 2021.
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Figure 3: Visulizations of the representations. (a), (c) and (e)
refer to the visualizations of Proposed-SS, Proposed-ASR and
Proposed-DL respectively before the finetuning, while (b), (d)
and (f) are the visualizations of Proposed-SS, Proposed-ASR
and Proposed-DL respectively after the finetuning.

- EETEN

Table 2: Performance on different methods on L2-ARCTIC test
set.

Precision Recall F1 FAR FRR

LPP 0.566 0.602 0.583 0398  0.080
Trans-GOP 0.464 0.583 0.517 0417 0.116
Proposed-ASR 0.538 0.681 0.602 0319 0.101
Proposed-SS 0.580 0.643 0.610 0.357  0.080

Proposed-CTC 0.514 0.550 0.531 0450 0.083

SSEIRE :

* Pre-trainf FH960/\BF ByLibrispeech#{#EEE, Fine-tune{E3/)
I EIL2-ARCTICEUIESE

* Proposed-SS : & AIIIZRE 4901t
Proposed-ASR : ff FHASRIRE #1451k
Proposed-DL/CTC : ;& B #E1k

KR

« Table2 : Ul A RMLTEETTARTTELPP/Trans-GOP

« Figure3 : FUNZARE ST Fphone BB HENX N E

“Explore Wav2vec 2.0 for Mispronunciation Detection Improving.” /nterspeech 2021.
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HEHER -

« BNEZESBETE—BMEG, BENBEXEENRARAEINTERSPEECH2021%51 FH

“Improving Accent Identification and Accented Speech Recognition Under a Framework of Self-supervised Learning.” /Interspeech 2021.
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