2%]/.%’;

AR BRI (8 X)

F e (&) THENIR 2 S BOR R
A H T [P 1 5 TR SCA R 21 i 2R e S 3

£ 2019 2% LAl FENEIFESHEAR

it EIRYE 2%E 1927405126
1G4 5K
RELm  EEE WK s

S04 H 2023 45 7 6 [




HMKREFE
AFEENAETT (8300 JREIME SRR

FANBEF: FriRZZMAR R BT G830 B—AANERITHE
FTF, MOLHATH L TAEFTIE AR . BRI DL 5 A ST,
FEIE GB3D AEEMAN ANBEACE ZRBES TR TRR. X
A3 HIBT FAE B EE ST AMSEAE, 39 B SO BLB R 5 AR 9 .
A NAERS ISR T E.

feE%4g. | P o H . 2023-6-1




AMKEF
AFEEANAZTT (B30 ERRIERR

FANFBE T BHMRFERTEE. REFEAERAER R BT GBSO
HIRE, Bi: ARSI GBI BIZEERLL R ST 5T BUR B 1R
FERURB TR M Ko T3 N KA A A B 20 SR8 1B R = LM 3L e
Wit GE30 KREMFRE T3, RFElb it GB3O A M
&b, ATRURAREN . 4R BN B At R | F B R AL g B ML e i (R30),
AR RV T (830 KB A BRAG REEEHITRER

BERE G830 O
AW (B3O & £__#  ARTEEEHAMNE.
FFERIE (B3O B

WXEERS: S B #:  2023-6-1

5 Jfi & 4. A H OB 2023-6-1




TN REEAR AT (B30

H R E R AR E R G L

.

B EERAR KRR, 5SRO BN NS R 8L — 85 B REN
Gl R RE A B AT (R N A A AT DOV 5 TR 5 SR IR i SRR R Bk sy o 7 5 1
IR, BT RS AT SR B e B B AR e D S S
IR, B S I SO B AR IR R, 1K S R 0 TR AT 45 1 R I L
Befr om0 P ARG o T A T U SCAR A4 R G B TR IEE IR ST
AR, IRETEE SORMERSR, MRS &S REES IR

AR S 5 YR SCAS A B AU — S 2 R AT T R, IR T
GECToR {ENAHF 7T RIFERIBERL . fEURIERE -, TRATBIN T PrhitE. Bikms, &
IR T 2 T ZRIK BERT AR HUCAME S, [ X Pf& 15 ST g AL 2 .
B 2%, TATHGIX T b s B A A0 - N Bk S AR A0 L PR B 2 o AR SC IR AR AR U R

e, FRATXZ AR A (¥ 28 ST RSN R A AT TR, AT R S AT
T PEAEI AT o

55, FRATRAITIIZRN) BERT BAUKHE SCAHEAT Smid b2 . #255, BATTIADE
FEE, AT H—EIAE, KBNS SCAR Y E  DLIR s A i 2 f 26

W=, AT E S H AR AISHELL-1 AT A2, FIH ASR 1 2-fold 52 X3k 77
AORIREL ASR R AR, TR RERA TR A MIEREE .

B J s FRATTRI P A B AR U bR AR 2

SUIGTER, AbG T PS5 B GECToR BEAIAHE T4 481 GECToR A 1 i 5
W, PEEE EXTEE R SCR MR & EEIRE L, [ AR R AL R 2 e )
A H

REEW: ASR A, AU, PIEER



TN REEAR AT (B30

Implementation of Error Correction System Oriented to

Speech Recognition Text

Abstract:

With the development of communication technology, voice system has become an
indispensable part of people's life. The rise of tasks such as intelligent recognition and
intelligent search makes people have higher and higher requirements for the accuracy of
speech recognition results. In the process of speech recognition, due to the speaker’ s noisy
background environment or the speaker’ s swallowing, dragging, accent, dialect and other
factors, there are usually many errors in the transcribed text, and these errors will affect the
performance of downstream tasks. Cause a direct impact, and then affect the user
experience. The error correction system for speech recognition text aims to correct the
errors in speech recognition text, improve the accuracy of speech text, and optimize the
performance of tasks such as speech search.

This paper systematically studies some classic models in the field of speech
recognition and text error correction, and finally selects GECToR as the basic model of this
research. On this basis, we introduce the pinyin feature. Specifically, we use a pre-trained
BERT model to extract text information while encoding pinyin information. Finally, we
add these two encodings and feed into a linear layer to get the corresponding labels. The
specific work of this paper is as follows:

First, we investigate the classic models and mainstream models in this field, and
analyze their characteristics in detail.

Secondly, we use the pre-trained BERT model to encode the source text. Next, we
introduce pinyin information, give it a certain weight, and integrate it into the text
encoding to improve the error correction rate of the model.

Third, we process the speech dataset AISHELL-1, and use ASR and 2-fold
cross-validation to obtain ASR error text to form our final corpus.

Finally, we utilize the dataset to generate a vocabulary of candidate tags.
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Experiments have proved that the GECToR model incorporating pinyin information
has better performance than the traditional GECToR model. Pinyin information is of great
significance for text error correction in speech recognition, and the label vocabulary also

has an important impact on the error correction ability of the model.

Keywords: ASR error correction, text error correction, pinyin information
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2.3 gutB ol A Ok B SCERE

B F B N Ym it as . TS A AD 88 — 305 . Transformer 25 2% F >k 2% > i
SCAAS B BVFRAE T 51, 3K EEREAE A 2 N B T 38 o 3900045 FH Sk FaU0 4 A B 1) ot
W2 DA R, XRALE A 0 RonMlER, | BB HREEAE, KT 1RRFEMNE
AR Hi B o AT 2 (RIS R P G A 2 AR T £ P L o I RO s R R A
JERTH K. B S AR A B A 2 Transformer RS2 . D28 7] LLIEAT I
—IRPETS B H

B LSRN & 2.4,

Token Length Target

EEREEESRIEEE:

Length Predictor

O

Linear Layer + RelLU I

X 5

LN + Dropout |
 [Conv1D(k=3) + ReLU|}

Attention

Transformer Decoder
Transformer Encoder

|
PEEEE—-H® 6@

Source Adjusted Token

Length Predictor

I 2.4 fast-correct B g5 4, & Fok B SCHRO!
2) FERAR
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AR AR 1 B B0 B 7V, SEBIL TR SO AR TN« R TR 22 2
KA, B — il & SCA AT g DU BRI AN R R, AMUOCE B i ik, FrbEk
TR K RN A SO AR AR B 8]V RS 385 RO SCAR A A 4, 7 O
P i i A 2 ) R P i v o7 A TR PR R AL 2 o (ELR VAR 5 8 81 35 SCOAS o (1 B R AL
Fya] DL AR R AT 12 24

2.3.3 PhVEC

BEAR RO Zheng Fang 55 A\ T 2022 4E H o ANF T — 28 U SCREE KA B AR R
(781, PR R S RE AR A i o ISR B8 2 B2 ) Dy SR A A IO 2% A 24 L R 2% 7 7 73110,

R R 2% . BB 258 1) H AR A B — AN R 5 1L . AT DL IR AME S5 AN Fr 27
WRite Ao ik 2Rds . 1 R IEBR AT, 0 RN R
ground-truth KlIARZE C=(c,,c, ---c,, ) TIREIEG) T H A5 0) 55 g 45 R 25 UL O oR 7915
T, o FoRME 1 PR IR ES 7R 1 M. aTRUB e T

p; = pc, = 1| X) = soft max(f,,.(E(e,))) (2.5)

e, =(e,,e., e,) MAFIRA, E KRk T Transformer FI4ii0a%, 1, RRH)T
FNWEGS B B A B AR R, R R A8 SRS e i AR A

G I 2% A pypinyin 42 AR MR T ATRIPEE, AERIR AT R RS ERE
fiE, ¥ Y token. 2 J5iHIT Transformer Fl— A48 Z 0 MG . H AR 22 i (s i
AT ATH bR AT BRI — R, AR IR iR Gl R X S E R — Lk
R . ARSORARRIIPEE token FIIERAHIREAT LU, MRIEHAS AL TR (CLS) &
RHHTXTE, 2.5 BT X, MEPILRIE T R AIARER TN A 45 R 40

Py, = v, | X.,) = soft max(f, E(e,,) 2.6)
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Hrbp(y, =v, 1 X,,,) & x, MIEFMIER v, GALEY RGN j I token) AIHER.
€., & X, M token HR A, f,, & —>HF token Kzl /= WL B B N | v | I TII logit [

RNEERE.
B i R IR 27 31 RN LA PSR

?¢ ®EXF e B B Ble elid
Xeor! [#R1% b 1 a oBW alid
Yy, R OR OB i
bu: yao
blt __J'a
X! g\ | ® % W

2.5 A E xSRI ETE, B R E SR
2) PR A
AR R S 1 S BRI AR B [R5 2 SO SO B SEB 7 AR KT
Mo AEH S B P SOA A B USRI AR =y R ) AR A A AR B T8 5 SO i) —

SRR

2.3 AEB/NG

ASEE Y RSP T AR S SOR A RGBS AR ST H s B4 T AT
R BEPPA FE AR o SR 5 R A ST AR 5 VR 3 SCAS 20 i QU ) — LS 3R AT 1 AR
B JE A SCIRBTE 1 AT — Se 22 i AR AL TF Rt 3 ANEAT 1 4. A TR AL [ 5
IEAESEAT 1R, IFVRH TR DLk R
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F=E MESHZEEEN GECToR =8

3.1 EMAERIAT TSR B §

Fr 30 3 3 51 75 238 e W SCAR B AR R A 415 (B i N Sl H SO (19 g EE AR AU
R EN LR SIRFIE IR B RS XA BB IR, ER R
LS . MR B B 5 AR R R O KIS TT 1 R B A i

FHLEZ R 51 210 G 4 PR AR R S oL 5T )45 2 AR S hn 28, PRI AR SR R0 F k2
PR A) P REAT BT, BEASE R B ] AR Ik e o o 25 18 31— JBCTHR 5 SCAS Hh i A\ B 1 v 2
L, AR UG HL R R R (O T AP AT B G AT S BT, O ELAR A E R T 2
BIRBM AN P K

It T A5V VR SCAS A B R e 2 5 AR [l VA g iy 2K P 0 280 e 510 5 1%
TG PE UL, 105 B G BTV AT o T AS SCRRATTR 2 91 31 i
Jiids FSIAPHEER . B EHEE BN SRTHRA 2] 85 g

3.2 LaserTagger

321 HRAH

25 R8 BITEE R 0 SCA Sy N ARl H SO O AL, TR SO AR B (e 9 SO 2
HIMES . BRIEEEA MR R X =ATNEER EARSOR . 5HERE
YIZRECE (1 Fr 91 2P 51 7 iR L, ASOR R BN e g EIAS 7 AT 3 51 217 51 5
TR R  AEHE B R AR, AR (39 2 EU [R) S AL 1) P 1 B P 91 VR R 2 N R
L DAL IR BRSSO AE I BRG] AT

3.2.2 EHEIANH

LaserTagger "5 14 % FH 4 i 25 FH RS 25 FE 2244
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Zwi%#% K BERT-base 24, 12 MHERIEHEM, RS SIEE ) T G
Bo FRAME VIS BERT BALYIUA N nTi 35 . J5dh BERTU 2 AL sh 4t 7 — AN B ()
SRS AL FH SR PP FUAR I o AR — AN SE SRR H RS 4% . /£ BERT Zfd#t 2 b
IZAT #1 )7 Transformer RG2S . B — 54 S8 A IR TR AR 25460\ 21 i 5 25 P AR RS o
RRALHEZR AN 3.1

Transformer
decoder < _"
1 layer T
Transformer ED
encoder k.?
12 layers :
(BERT) N %

E,

K 3.1 LaserTagger BAUHESE, [ F ok H SCHRM

3.3 GECToR AR

331 TRAH

FTHAEHAEIE (NMT) IR & oy — SR A B 55 1 R 72
FERXMITIET, BRI S5 S S 55 . &I, T Transformer [))5° 51 17
B 77 15(Seq2Seq) FE AT IR IZIE(GEC)H A LA ] 1 SOTA PEfE. H AT FTHE mi O F%
BB A s B, DS ST Transformer-NMT FETRET R A IE RGEEAT F0 45
AR FET AN AR ETE R R IR I RS — L6 ) B, 31X 46 ] U 731X A A A K
B EEE, AR R RIS R RS ORI A 28— TR I AT RS, PR (R I ) 5
BORFP I RE , R B A) T HEAT RTINS, ARG . B8 I ZRFP 51 27 51 A6
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TG BRI R, fay N SO IR AN ] e A5 A A 5 22 B R ), T e i
Tty —EHIMERE o« B o P9 B 5 ) AR Y Bk = — 8 I AT Rt o O JRA 10 5 AH
B A () =R i 807 A B A R DS
B TR L )8, fr L GECToR BEAIAIR FH 17 81 bR 25 (1 75 1% o

3.3.2 BEAS

BAVRTIAE] T PSR PP 7 ik, EERA R — RFIKFbRL, Hhld—
RS P88 =) sk H ARiE A o XA mERIALL B AN 60 5 AN A 1, 33— R 52
BRI RAR IR A TR IR A 7o BATK TR token —MARZE, EAEAT Ik 75 22
X = token HEAT 2 IKEEAE, TIEEAS token RXTRI—ANFHIFREE, FIUEASCREL T 1%
RIITTE, B ZIRAT IR AR A FREAT A IE . W3R 3.2,

R 32 MM THATEERNERE

Iteration # Sentence’s evolution #corr.
Orig.sent A ten years old boy go school

Iteration 1 A ten-years old boy goes school 2
Iteration 2 A ten-years-old boy goes to school 5
Iteration 3 A ten-years-old boy goes to school. 6

ERNGF, B—IKITHREE, BATTH ENS ten 1 go HEATHHIRIE, K ten F1 years
BIFET ten-years. i go AR goes. FiHt HIIEE T BN & I HAERAT 2 UAERT
[ 7] token(ten) .

B 58 T IRATHRES, RINLTEEXT ten-years £ old LA J% goes HHATHEME . ¥ ten-years
5 old & FF ik ten-years-old, FFH.7E goes J& Ml L to.

B Ja — IRFTBRZES2AE school Ja TN <. 7,

T A TR S G AR R A 5 SR A token (78 H . G B3R i iy 5000 A, o
AL 4971 DNEEAARHAN 29 1 g AL H

FEARBWALHE S token H KA1 token TER . 1 token 5 R HIFEAR L Hu L5

“SKEEP”(Lr¥FAA)M“SDELETE” (£ 4 7 = 7F). 5 token AHKHIARAEH
“SAPPEND _t1”f1“SREPLACE t2”, “SAPPEND t1”#&/R7E 4R [¥) token Jim b L tl,
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tl ANREFEFAE, FAH SRS H IR, “SREPLACE t2”% /R~ 2 K 2410
Py ] B e
g AR R — BEAFER M E DL o AR TTVE— FFAREERT 900, S0 AR 22 I 25 FN FL 4
SR AR, a0 R IRA TR B S RS i 5y — AN, IR A AR R ], IX AR
WIS ) BN S ER AR, B “go” 2R “goes” Bl g K. (AL g 4B
e 32 BRI —Le R TEH AR

3.3.3 HAINELE

AENNAOR 2 1T, AT BRI AT 4, AR Transformer 1 LR A
7104351 28 (Tokenization) . 11T BAZE T (KA FEAS SCAHEATAERE, 7T BAZE 71
FERTSCAHETALEE, ML T B R

AT R PR BRSO IR, 1l BERT BUIRN 2 A Ao b, BlIZin
BERT BURHRT G0, SR A e ABILRAR  PIAAI—A Ftk
W, PRI, HR 6 TIEREHE IR, 55—, JRRRN
bRE. BURIOBIRAEIR , AR LI R IR D AT 2. FABUR NG 3.2,

encoder
(Bert)

/] 3.2 GECToR HIIHESE, 61} % Sl
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3.4 A S

3.4.1 HAELEE T

TR MR B M B B 73 TRATIR pypinyin 2 il Ot
T G NBIGEE I . SR TR R R S R AR, TN TR MR
AR, BN TIRT AR

IRt Feef, Bl pypinyin 78 BIHE A NUBES P8, PRI FBES 200K HU
fl A TR N BRI o T DA PR S V- SO ) AT B 5 1 o DL
BB 7B L AL

3.4.2 HERINEZE U

AR KGR ) 745 BRIBEE A5 B2 S b 1 777 o YR A) 2 0 2 e Ak
)&, S T2 BERT BRS04 T #EAT S b Ab B o $f2 P F1al id Pf 3 - e Dy 1o
B2 541 torch.nn. Embedding X HBEAT 5 — iy, HE @ —RZAIEE, LR
P s n b —E AL o 5 JE R A G i AR AR N B A8 R . el 4R
P Z AR N ARIRRES (Fomh) T 4R AR (RGBSR T) « Ak
RIRIMELL LN 3.3 Aarilll o 268 FH LU £ I 26 AN € R0 T o

e = eword + W ’ epinyin (3 l)

WONEIE R R AR, 2 2 BA TR I &5 S AT B ATy K 1 4R
)R H bR T ZE R, ISR T IERRTE R AT H AR TE A R . A s S )L
SRRl MESHER TNCTIS a7 D) R o 2T e S Dl PN 11V ol sl Sl U IS
s ABIE TP AT AFRALE . XS BGOSR, 45 RIPFEE R 25
WS =, RO TR ZE e, AT IR R4 AT DL EE S AR HY <
el E, A5 ERATA LR R . Rk D PEEE B RAR, R R G/ A
2 (“buyao”) AIEN“R” (“blao™) o METIEAMMEHES, HE AT THR
2R BT AR . PEE S BN TR AE R BN, (ERR 53 SO 2 R R S
N
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1 i BRATDRASL I R AN A 8 s 2 K 22 SCJ pR Bt AT 11 ko

= OoOoo 000

Linear(Foill#REs) Linear(#45E4555)
[ §
................................... 7 e
B
: d
i encoder - o~
Linear
BERTOREI482) A
torch.nn.Embedding

=00 0O 00 O

Kl 3.3 Al ar B 15 B GECToR #4Y, & [ 225 SRkl

35 AELY

AT, FATENA 7R P72 9 BRI R . BE N ARk
BT, o HLT ik RMESREAT 1 (el SR AT o X HL R REAR S R 9 515 J2 (i e DA
LB PR SCAS A AR U OCAS B E s, BATGEH 1 e A . iR BATI 4 7 A
JIEAUB AR DAL it e AR

20



TN REEAR AT (B30

FEMNE SSWIEMSRSH

4.1 FIEHEZEA2H

KRRGUEM T Allennlp!'™l, X & —/NET pytorch PIHESE, T MR EE % > 1 H AR
B AU . BOHESRER A T — Lo R I SRV DA R — SE TN A

Allennlp X} F SR1E 5 AL BRI N 10— ST 55 7 — B FRE R R . e AR 3
FASEE . AR LA 25 AR R A (I, 2 2 R .

Forp A — S LA

1) DatasetReader: IR HIR LA SR, JF 2K 4L )y Instance Z87Y

2) Model: MARH AL — 28 NLP o A

3) Iterator: MR H RAGIEIEACEE, Kt ) B LLE AR T X N BB

4) Trainer: WL HUR B IYIZRAS, 4 epoch J& T 5T RifF) metric.

5) Predictor: FASHH SR T SCA, 1 JE B8 45 21 il SCA S R

X SeARH B B DG ER R TS, TR ERUD A RECE . FRATRT DL A B AR,
B JE MR G o ROE A A BEHESE AT LAR R (K 146 NLP 5080 A () — 28455

4.2 YIZEHE £ R

FRA 38 3 VI R B SR SRS LI 2RS4 . 1B BB 48 H AISHELL-1116),
Magicdata-RAMCHU745 . AISHELL-1 JIZREE 6L 5 150 /NI E I i iF,  DLACHE
R . EEAREMZ . BHEL AE ST TR o 28R SR AR R & A6
LR H R SCAR o

FATE 68 /) WENETUSIE ELAR, A HUIZREFH) Transformer+CTCU) E2E #5174
7E AISHELL-1 {448 BT ISR, Wi AR BI5GB B S i XA N
train. dev 1 test =&y . I EH RIS I train B 5 PSR AR LUK AC. I
B E PRI RV, BE AR ERRA S NS, B = A5 RE ) .

TRBATREC T N H VAT B i, =& HoE S A R
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ST X train BEE P EAE AT 1A BEAUCE Bl AR b ) — e
T8 SRR R A IR 2 R IE T =M &, FRH pypinyin 75 2 6) FHPFEE R
B NEEL R R, 22K SRR E S A, TRV —
A ELARAB I 7 2345 JUAS . 6F FAB S SCAR IR 5 5, 15805 5 B4 @
Pinyin2Hanzi 7£ {53k 7 U7 EAT B 4. (BRI T B HBONRENL, 7T RES FEEE
SRR B, BONTREL. A AN e AR AT T NZRINAR, RR A
RO — M, BENLE A e T A0

5RO EFTIZ Transformer+CTC A58, SRH] 2-foldPO5 5 i 46 4 34E 470
S 25 USRS 2 5E 2 H R M ISR EE . dev B AR AN test H0H A 16 I 58 8 1Y)
AISHELL-1 YIZREERAT ISR . ERAIF BN train KRS, A TEIH A1) EH
Bl 2 B R B T AR DU aR e Y ) A B RE D .

BRI AN 4.1,
# 4.1 AISHELL-1 ¥y 4150
AISHELL-1 Train Dev Test
Kol A 87633 14326 7176
B R 87633 8812 4600
MRk EH 0 5514 2576
o SISCIRRIS S 44 35 37
B A TR 2 3 4
SRR T 14.82 14.32 14.59

4.3 YIZR4T

AR Transformer+CTC £ AISHELL-1 #4714, F£%H 2-fold 7 train %
AR b BRI LA R o PR A SR A3 AT B 7

P N T R AT 5 e AP U 0 8, BRAT TR S A 9 P bR, &AM IE
TR LM% . BATE S TR 2 B bR A7 i 7551 o SR F Gt 2
KA R HI R G 1E 1541 X T HI3R A AW, FoAT 3R BRI 7 R ey
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Hbs 1 P S w1 e . B FATBRATARAE —Dhr2E, B SR “KEEP”LASI 1
PR%E

BEAN AT A B 1 XS BLRIARZE ] K o AN R RS SR AN R AT o X I A AR 23R
WA o BATPRIESCART H AR SCABEAT XS R, R FH G B2 28 X 5 7 ARG
SCARFAL N A AR SR P s BRI A HEbr s, AR min_count WE N 3, 24X RARSE HY
B 3 AL 3RA TR X L AR 25 0N BIAR 517 2 AR 2 B A 2%

FERRE 515 S 1) GECToR AR r, FRATTR A 1 25 BERT B AL R MU SCAS 1
o MM —THGRWA, FATE SR > RBEN 1e-3 DUIMPRAE AL RS S S
L PREI NG, BB GEE, R R BN le-5 #HT IEH U2k,

IR RE T, 8T8 BA7, FAPRBEE RTHRBOE N 2. FATR AR XU p&
BAE PR RE, KA Adam 1E NI AT AL

4.4 ERERG DT

FAIAE AISHELL-1 ##54E bigty 1528, JERRl& 46515 B GECToR A F1
BA RGPS B0 GECToR B IERURHET T L, BAIEians 4.2,

T LL AT A, P S B A B A RS S R SO, ONE B SR
e AT B B PR 2 AR,  FRAN T S i B 45 5 T 514385 toreh.nn. Embedding
RAT IS J5 5 SO gmb At in, BRI A BOR — M. 2 G ERATTTEDE S it f5 b 28 1%
JETR TP SRR — BRI I ZRIRATRT LOE Sl D& A G B, SRS 3 T
—EMRT, FO.5H#Em T 9%A L.

4.2 BAIGE RN

P R F0.5
GECTOoR fii#l 0.4071 0.3643 0.3977
A& PEE {5 E 1Y GECToR i 0.4866 0.5188 0.4927

HARRATINR T test IR L) WER. Z50F Hr, IRA1 TR BLEL-& 8 %12 E.¥) GECToR
PRV IR . WER BT 3%, #HET 5 GECToR #5784, FAMNEIL T 0.5%%
Fi. BEARMIRINER 4.3,

% 4.4 KNEBEEINTN ) WER 284k
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Test J& WER 2A11EJ5 17 WER

GECTOoR #5 7Y 0.1074 0.0814

Rl&FE 5 B GECToR #7Y 0.1074 0.0767

EARESNZ, —IHEIRATERMEE 7B SRR A SRS, b train H1
HREAE S B AL 1%A A, Q6 1%, 1M dev BURERIREUE S EY 40%, test 21
e ARG & RN 50%. WL Zs, BOMARRE ViE, BRI 2 . BHREE
i/ GRS AU G P 7 EER B mS  J AT B B AT o, MEE 2
HIRE R B BEAT I 2R, SRS B N AN [ A R R BE

45 RAR W BR 21 AR B 2 1E RO AR R B I « 15 2 1 0 SR R S B 2
(R R YR T 1B B RFAE R R, T+ STV A B SOAR B B RS AN [R]85 0 SR,
PATTH ZEA O N A 2 o FRATTIE 75 2 i R, 40 min_count, AR HE
3, RIS RIFRAE B 3 A i A B R A i e

SRR, AR IR R B A S RO IR K2, GECToR B H M
TREFHSCCA, A T RO JESCH R A e, FETRER I T — SRR AR R
PRI FRATT B AT DU I T Vi 24 = B AT R 3

[E ISR S B3R TAT LASE 4 5 X 5 IR A AR R Ao G0 “ A3 4
1B, T RS, “ab” A=A PEEE B REIAY R T IR R )
TR, BRI DU R B R 7T o SRR R, I T VR RE 4 my A5 2 () Mk

2
He o

gi b, SIS RN, Bl S REOL 00 Y 2 B G BT R IR SO A B AUk
AEBIF IR

4.5 KERYE

FEARTET, FATE NG TASCRHAMAEHELL . B BAIN 4 7 BATZRIG) Zx
HHa i ie. RREANIE TR R B — 284075, SHORAE . A RIARE. &
Jr BN B S I A IR, BATTAILIRAT B 7 iR T JE R IR R A 2 S A ) 1k BE O AR
HIEM .
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FRE LS45RE
51 AXEH

T[] 15 35 SCAS IS R G0 1 ARIE & A B AT — AN R RN 1535 RGE
LA BRI B A F AR 2 - It 3 B0E & RARIVEREXN IR 2 1) MRS A
FEARH RBIEN S o HLaniiexk B s & R . SURIEE E S A RE | O E
I, BRI TE B F AR SCAS R 22X AR N il — 8 IR L UmE SRS, 24T
R IIE S IRB AU R AR R 28 FTR, B35 ORI — &1
WEE,

AICE A T MU B, B T ARSI R ) 2 Y AR
PG AR SR B A ) — S LU A 40 o Y, A28 T AR ) AR B AR PO HESE
ARSCE ST T RE PSS B GECToR AL . N7 41 3 w8 AR p (1) — AN Eb A
S, RSO AR R DA T EAE L . B AR SR IR
Bent FER T SO

AL AR KSR R

(1) F3Hr T AU A — L% G A IR B IR 40 A 1 AR BR A FRE R B
Phife 1A SO BE AR AL

(2) 73#r 78 GECToR HIMLBR i, FHRF LR AR R T 1 ik .

(3) EFAEREERL BEEH T B S Sudt T, % I RITE & ORI — SRk,
WP E 5 B R A BRI

(4) %F AISHELL-1 & & Bs £ AT 038, R 2 M7 o0 Bl 42 3E T o, R
RAIE 2 AR R, K train BRSO R B, BT IERAGS PRI G
SR B 4 FR) 3 S % o o SCAS IR R

52 THERRE

AR SCRA T 1) B 2 E R SR A48 R GO B AT ST 7 51 2 51 07 1%
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A — 8 20 . A SCR BB RL — JF AR I T 9SO iR, — @ FE R %
JE BN GBI XA o [R5 7 i m] DUEEAT — & IS =F ' P il e ] my
K Attention HLEIHE— B EPEE 52 . R pypinyin A2 Pt (5 857 B B
A . BEANRATTRT LAY R 22 W0 8 A5 T 45 3 o i e R BEAT IR, R T
R E PSSR

[ B AT DA I ZRAE B AT Bt s, SREE R 2 (R R R AT I 2R st
MG R, ARUNGERER, E4FEEEER.

AR A BT 25 BERT RN A SCHEAT b, o m] LRl H At T SR AL kA7
E5

KRG EAE LN AISHELL-1 #dfR 4, IWEIRE T BAR A/ S . I
R EERZ bR R, BATH T ZX A b B T 525
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Abstract

Automatic Speech Recognition (ASE) is an
efficient and widely used mput method that
transcribes speech signals into text. As the er-
roms introduced by ASR systems will impair
the performance of downstream tasks, we intm-
duce a post-processing ermr comection method,
PhVEC, to cormect errors in text space. For
the erroms in ASR result, existing works mainly
focus on fixed-length corrections, modifying
each wrong token to a comect one {one-to-one
cormection), but mrely consider the variable-
length cormction {one-to-maumy o mamy-to-one
cormection). In this paper, we propose m ef-
ficient non-autoregressive (NAR ) method for
Chinese ASE ermor correction for both cases.
Instead of conventionally predicting the sen-
tence length in NAR methods, we propose a
novel appmach that uses phonological tokens to
extend the soume sentence for variable-length
carrection, enabling our model to genemte pho-
netically similar corrections. Experimental re-
sults on datasets of different domains show that
our method achieves significant improvement
in word ermor rate reduction and speeds up the
inference by 6.2 times compared with the au-
toregressive model.

1 Introduction

Errors introduced by automatic speech recognition
(ASE) usually affect the performance of down-
stream tasks such as phonetic search, speech trans-
lation, etc. In recent vears, ASR error correction
technigues have been proposed (Anantaram et al.,
2018; Mani et al., 2020; Zhao et al., 2021; Leng
et al., 2021} to refine the ASE output and correct
errors in text space. Without loss of generality, we
study Chinese ASR error correction in this paper.
Given the ASR result of an utterance, the goal
of error correction is o generate a sentence with
the wrongly recognized words corrected. Thus the

* This work was conducted &t Baidu, Comesponding
anthor: Ruiging Zhang.

ASR error correction can be modeled as a machine
translation problem under conventional autoregres-
sive sequence-to-sequence (Seq2Seq) framework
(Guoetal, 2019; Hrinchuk et al_, 2020; Mani et al.,
2020). However, the autoregressive models suffer
from inefficient decoding since the generation of
each target token depends on previously generated
characters (Figure 1 (a)). Furthermore, without
considering the phonetic similarities, the method is
prone to generate corrections with totally different
pronunciation, as for the example, the error char-
acter (“F", biao) should be corrected into (“F
FE", bu yas) but the Seq2Seq model ignores phono-
logical features and corrects it to a phonetically
different correction (““F1F", bu xu).

To speed up prediction, recent studies propose to
take non-autoregressive (NAR) methods (Gu et al,
2018: Ren et al., 2020) for error correction, which
generates target tokens in parallel. Most NAR ap-
proaches make fixed-length predictions that gen-
erate same-length output as the source input by
directly tagging on the source text (Zhang et al.,
2020). Some works further leverage phonological
features to correct the ASR errors caused by sim-
ilar pronounced characters (Zhang et al., 2021 a;
Cheng et al, 2020). Such methods have made
greal improvements in correcting simple ermors, but
cannot handle samples with different lengths of
source and target, referred to as varable-length er-
ror correction. SeeFigure 1 (b) for illustration. The
method successfully finds out the erroneous charac-
ter (“FE", biao), and substitutes it with its phonol og-
ical feature “biao” for error correction. However,
it eventually generates a wrong correction (“F1",
biae) under the constraint of fixed length predic-
tion.

To overcome above constraint while preserving
efficient prediction, NAR solutions for variable-
length prediction are proposed (Leng et al., 2021,
Gu etal., 2019). They first build a length predicior
o estimate fertility, i2., the number of arget okens
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biao
. : & . (L Phonology based NAR
) Tagging with Phonetics (<l NAR with Length Predicior
- " {Orur propaosed )

Figure |: Anexample of Chinese ASR Emor Correction. The source speech “ai bu yao nan geo ™ *Don’t be sad™)
is incormectly recognized to “ni bige man gue ™ (“Your watch is sad”). (a) The Seq?Seq model gencrmtes a fuent but
incommect sentence because itneglects the phonetic similanty. (b) The sequence tagging model with phonological
features cormectly detects the character with error (K™ means keep unchanged and “C* means to be comect), but
becanse it only supports equal-length prediction, it fails to generate a fluent comection with equal length as the input.
() The NAR model with a length predictor incomectly predicts the number of target tokens comesponding to the
source character “ni™ as 0, which should be 1. Accordingly, it removes the character and generates an incormect
result. {d) The proposed PAVEC fimst detects problematic tokens, then leverages their phonological features to

generate a varable-length intermediate result, and outputs the final result by reducing the repeated chamcters,

aligned to each source token, then up-sampling
or dropping some source tokens accordingly for
parallel correction. However, the method is fragile
because incorrect length prediction will distort the
meaning of the sentence and may directly lead to
false prediction. See Figure 1 (c) for example, the
leng th predictor produces a wrong alignment (0 2
1 1}, indicating that the decoder will drop the first
source character and generate two targel characters
for the second source character. According 1o the
alignment, the intermediate result mwrns to be a
meaningless sentence (“FEF UL, means “watch
walch sad”) and leads to a wrong correction.

To address the issues mentioned above, we
propose a novel NAR model named PhVEC
(Phonology-based Variable-length Error Correc-
tion ). The model incorpomates the phonological fea-
tres of error characters o enable variable-length
prediction, Concretely. PhWEC contains a detec-
tion network and a correction network based on a
pre-trained language model (Devlin et al., 20019;
Sumn et al., 2020). The detection network predicts
the correctness of each token, and the correction
network generates correction result. Instead of us-
ing a length predictor to predict the fertility for
each source wken, we insert the phonological to-
kens (Chinese Pinyin') to the source sequence s
placeholders after each detected erroneous charac-
ter. During prediction. each source token (either

'In this paper, we ignore the tone of pinyin, and the pinyin
of each Chinese character can be represented by one to six
English leters.

the character token or pinyin token) can generate
rero of one target token. With the guidance of
the phonological token, the model will generate
characters with similar pronunciations. As Figure
1 (d) shows, the pinyin token “F” produces target
character (“427, bu) with the same consonant let-
ter, and “a o” produces target character (57, yao)
with the same vowel letier. We delete the repeated
characters in the final sequence.

We evaluate our methods on multiple datasets
with varying degrees of ASR word error rates. Ex-
perimental resulis show that our PhVEC obtains
significant improvement (over 10% word error rate
reduction) on standard benchmarks compared with
existing NAR-based ASR error correction meth-
ods at comparable speed. Even compared with the
AR baseline Transformer and BART (Lewis etal.,
2020) models, PRVEC can still have an 8.55% and
2.39% word error rate reduction while keeping a

6.2x speed-up.
2 Method

Chinese ASR error correction can be formalized
as the following task. Given a speech recognition
sequence X = (x). 23, ... 2q) of n Chinese char-
acters, the goal is (o comect it into another sequence
of i characters Y = (1. 1. ... ¥m ). Note that the
target sequence length m does not have to be equal
o the source sequence length n. There exist three
types of ASR errors in transforming from X to ¥
substitution, deletion, and insertion.

Asillustrated in Figure l(d), our proposed ASR

5908

34



TPMREABI A LB (SR SCTRRBURL

error correction model is composed of an error de-
tector and an error corrector, both perform a NAR
tagging. The error detector takes X as input to
predict the correctness of each token. The error
correcior takes the combination of the source to-
kens and the phonological features of problematic
tokens as input for correction. During error cor-
rection, each token of the extended input can be
tagged to a Chinese character or a blank token “e”,
50 that the model can support variable-length cor-
rection. Since different pinyin letters may generate
the same character, we eliminate continuous repeti-
tive characters in the final result. In this paper, we
use Chinese pinyin as the phonological feature. The
learning of PAVEC is conducted end-to-end, with
the error detector and corrector optimized jointly.

2.1 Error Detection Network

The goal of the error detector is to check whether
a character x; (1 < i < n) is correct or not. We
mndel this task as sequence labeling. We build a
sequential binary classifier and use class 1 and 0
label the proble matic characters and correct charac-
ters, respectively. The ground-truth detection label
= (e1.ea..... ¢y) is pre-calculated by matching
X and Y with edit distance, in which ¢; € {0.1}.
The prediction result of the error detector is repre-
sented by a sequence ' = (), ¢5, ..., <), and we
use py o denote the probability of token x; being
predicted to class 1, which can be formalized as
follows:

pi = ple; = 11X) = s ftmar( fae(E(ew)))

0
where e = (€z,. €240 .. €2, ) i the token embed-
ding of X. F is a Transformerbased encoder and
Jitee is a fully-connected layer that maps the sen-
tence representation to a binary sequence. To train
the model, we adopt the following cross entropy
loss Function:

1
Looe = -;Z [ b i+ (1 = ex)In{1 = )]
2}
2.2 Error Correction Network

Adfter identifying the ermors, we introduce the pinyin
features of the incorrect characters and feed them
into the correction network. Concretely, we use
the tool PyPinyin® to generate pinyin for each er-
roneots Chinese character and insert pinyin to-
kens afier the problematic token. The original

*hitps i thub com/morillaze/python-pinyin

7 M e el
" i 1y
e N

W

X ¥ W

Figure 2: An illustration of generating X and ¥
from the training sample (X, ¥}, We first label pinyin
for incorreat characters in X and their counterpans in
¥ (bottom of the Figure). Then align the pinyin token
according to the LCS algorithm (dashed amows). Xeop
is obtained by inserting pinyin tokens afier the incomeat
characters in X. Finally, ¥ is generated according to
the alignment. For NULL alignments, such as 7, we
align a special token “¢”.

sentence X = (2. 23, ... 2y ) is thus rewritten as
Xogr = (2], 25, .., x7), where L > n, and £ —n is
the number of pinyin tokens.

Given Xg, the error corrector performs se-
quence labeling to predict the correction result
Y = (g, 1h. ... f) as follows:

ply; = Vil Xow) = softmar(fon E(ecar)) (3)

where ply; = Vj|Xar) is the conditional prob-
ability that x} is corrected to V. the token with
index j in the vocabulary V. &gy, is the token em-
bedding of X o and f; is a full y-connected layer
that maps the hidden states of source tokens to their
predicted logit vector of length [V]. Note that, the
parameiers of the token embedding, the encoder E
and the correction network fo; are initialized by
pre-trained language models (Devlin et al., 201%;
Sun etal., 2020). We share the pre-training model
parameters in the error detector and corrector o
encode the Chinese characters and pinvin tokens in
a shared space, which not only reduces the model
size, but also makes the model yield better semantic
representation.

The learning objective of the error corrector is
o correct X, to the golden correction Y. How-
ever, it is notan easy task because the lengths of
Neor and ¥ may not be the same. Therefore, we
rewrite ¥ to ¥ = (.1, ... 5 ) which has the
same length as X,.. Concretely, ¥ is constructed
from ¥ with some tokens repeated and inserted ac-
cording to pronunciation ali gnment. We compare
the pinyin of the incorrect tokens of X with their
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Substivation Errar D etion Ermor Insertion Error
she ji 1] o Xi g
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i i

Pinyin Perubation  SREOEMN G0 &AL | AEEERAEE M e SRR ' iy emaf TURER B
| i

Pinyin Replecement S8 M )i T80 i dbEmk AT hsongniR E fibamngfs BaR
| [

Cialden ¥ FENR TR - TP A SRR 1 e by (e et

Figure 3: The process of generating traming samples. The characters marked in red from battom to top represent
the correct Chinese characters, the pinyin corresponding to the correct Chinese characters, the simulated pinyin
disturhance, and the simulated emor characters comespanding to the noisy pinyin, respectively.

correct counterparts of ¥ and align according to
the longest common suhsiring (LCS) al gorithm, as
illustrated by the dashed arrows in the bottom of
Figure 2. Then we rewrite ¥ to ¥ acconding to the
ali gnment.

The loss of the error corrector can be defined as
follows:

Low ==3_ log(p(tf = il Xeor)) (4)
=1

Our proposed pinyin alignment provides an ex-
plicit clue for the model to learn the correlation be-
tween pinyin and Chinese characters. As an alterna-
tive, we can also learn the alignment through Con-
nectionist Tenporal Classification (CTC) (Graves
et al, 2006), which is widely used for variable-
length alignments, such as in ASR (Audhkhasi
etal., M19), handwriting recognition (Bluche et al .,
2014), etc. But we don’t use CTC in our model
bhecanse we assume that aligning according to the
phonological features is reliable for ASR emor cor-
rection, which will reduce the learning difficulty
compared with learning a global alignment. We
confirm our assumption in experiments.

13 Joint Learning and Inference

For each training sample (X, Y}, we construct its
golden detection result C and correction target ¥
first, then jointly optimize the two modules as fol-
lows:

L=X Lo+ (1=2) Loar (5)

where A is a trade-off parameter.

During the inference stage, we first detect the
problematic characters and insert their pinyin into
the original sentence, then predict the correction
sequence Y by maximizing the probability of
f] Xeor ) for each i. The final correction result

is generated by removing the blank okens ¢ and
merging adjacent duplicate characters from the pre-
diction of the error corrector, as shown at the top
of Figure 1(d). Note that such posi-processing is
conducted only at locations where Xeer is modi-
fied relative to X, while the characters predicted as
correct by the error detector are kept unchanged in
the final prediction.

3  Training Data Generation

We follow the commaon practice in ermor cormection
(Zhang et al., 2020; Takahashi et al, 2020; Leng
et al, 2021} to synthesize the training corpus with
simulated ASR errors. The simulated ASR results
are generated by replacing the Chinese characters
or words of clean sentences into proble matic ones.
Specifically, we generate the noisy text in three
steps: (i) sampling some candidate characters and
replace them with pinyin. (ii) adding noise o the
original pinyin and generate new valid ones (iii)
producing new Chinese characters or words based
on the updated pinyin.

In the first step, the candidate words are obtained
from a confusion set (Wang etal., 2019) that con-
tains words prone to be mis-recognized. In the
secomd step, we design three strategies of pinyin
perturbation for simulating substitution errors, dele-
tion errors and insertion errors, as shown in Figure
3. Noie that when generating deletion and insertion
errors, some random letiers may be inserted to con-
struct valid pinyin sequence. In the last step, we
replace the noisy pinvin with corresponding word
candidates, and select the sentence ranked highest
by a n-gram language model as the final sinulated
ASE resuli.
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4 Experiments

We carry out experiments on two Chinese ASR
error correction datasets. We use word error rate
(WER ) and word error reduction rate (WERR) o
evaluate our error correction performance.

4.1 Data Settings

We first train an ASR model on AISHELL-1 (Bu
etal., 2017). The training set contains 150 hours of
Mandarin speech, along with corresponding tran-
scripts, mainly including news in Finance, Tech-
nology, Sports, etc. The trained ASR model then
transcribes the speech to generate the paired data
for evaluation, as listed in Table 1. AISHELL-1
dev and test sets contain 15 hours of speech, cor-
responding to 21K sentence pairs. MAGICDATA®
contains 43 hours of Mandarin speech, including
interactive Q& A, daily instructions, etc.

The training set of ASR error correction is con-
structed from 3 million web-crawled sentences,
along with their noisy version with simulated er-
rors. For the methods thatonly support fixed-length
correction, the pseudo ASR input is generated with
similar-pronounced substitution errors only. For
the training data of methods that support variable-
length correction. we sample 2.7 million samples
from the fixed-length training data and generate
simulated insertion and deletion errors for the re-
maining 0.3M sentences.

4.2 Training Details

Consistent with previous work (Leng et al., 2021),
we use the ESPnet (Watanabe et al., 2018) toolkit
o train an ASR model on AISHELL-1 training set.
Conformer architecture (Gulati et al., 2020) and
SpecAngment (Park et al., 20019) are also used o
improve the ASR performance. For the ASR error
correction network, we take “chinese-bert-wwm"
(Cui et al., 2019) as a pre-trained model to initiali ze
the encoders of our PhWEC and other pretraining-
based methods. We set the learning rate to 5e-5
and the probability of dropout w0 0.1. The loss
halancing parameter A in joint learning is set to 0.5,
and the AdamW (Loshchilov and Hutier, 2009) is
utilized as optimizer. More details can be found in
the Appendix A,

hatpsitopenslLorg/6

Dataset AISHELL-1 MAGICDATA
Dev 14,329 6,756
Test T.1% 15,131
Avg Length 14.42 .78
Type MNews Command

Table 1: Statistical results on experimental test datasets,

4.3 Baselines

We compare our PhWVEC with the autoregres-
sive Transformer (Vaswani et al., 2017), BART
(Lewis et al., 2020) and recent state-of-the-art non-
autoregressive methods as follows: Levenshtein
Transformer (LevT) (Gu et al., 2019) supports
variable -length correction by iteratively perform-
ing deletion, insetion and substitution under NAR
framework. FastCorrect (Leng et al, 2021) im-
plements veariable-length correction with a length
predictor that estimates the number of target to-
kens each source token should be converted to,
then repeating fdroping the source tokens o gen-
erate a variable length sequence as the input of
error correction. MLM-phonetics (Zhang et al.,
202 la) implements a fixed-length error correction
by pre-training a language model with phonologi-
cal features integrated. BERT directly fine-unes
the standard masked language model to generate
fixed-length corrections. BERT+CTC implements
varigable-length error correction with a CTC laver
buili on top of BERT. which upsamples each source
token twice and learns the source-target alipnments
automatically with a CTC loss.

4.4  Owerall Results

The comparison results on two benchmark datasets
are shown in Table 2. We observe that:

* Our proposed PhVEC outperforms all the
other methods on the evaluation datasets.
It achieves about 20% WERR for the four
datasets with varying levels of ASR perfor-
mance. PAVEC greatly exceeds the two exis-
ing methods supporting variable-length cor-
rection, LevT, and FastCorrect. and become
the first method that surpasses the autoregres-
sive Transformer and BART models, with the
WERR improved by 8.55% and 2.39% on av-
erage, respectively.

“hatps:ihuggingface cofinlpbart- base-chinese
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AISHELL-1 MAGIC DTA Latency{mafsent)
Method Dev TEST Dev TEST TEST
WER| (WERRT) WER)(WERRT) | WERL(WERRT) WER| (WERRT) GPU
No carrection 4.46 ) 483() 13.8 ) 1351 =) :
Transformer ILO(1480%)  AOS(1553%) | 1200(12.52%)  12.19{977%) 1495 {13)
BART IE2OIRE3E)  ARIQLI2E) | LL3IGCITE0E)  1133(16.14%) 1609 (0.8
LevT {Max ter=1) | 4.37(2.02%) 473 (207%) 13,81 {007%)  13.91 (-296%) 54.0(28x)
FastCorrect IEO(IZTEE)  AI6(13ETE) : 5 21L20Tix)
BERT 3T1(1682%)  A98(1760%) | 1L6T(IS.56%)  11.79(1273%) 14.1 { 10.6x)
BERT + CTC ITH(IS25%) 401 (1698%) | 1213(1223%)  12.11(1036%) 145 (10.3x)
MLM-phoneties. I64(1839%)  30(1925%) | 1159(16.14%)  11.68(13.55%) 23.7(63x)
PHVEC {Ours) 352 2008%)  AE2(2505%) | 1L19(1903%)  1LO04(1828%) 24.1 {62x)

* Both PAVEC and MLM-phonetics introduce
phonological features into the model but
PhWVEC performs better. We attribute this im-
provement o two aspects: one is its effec-
tive solution o varfable-length ermors, and the
other is the effective use of pinyin splitting
strategy. Different from Zhang et al. (2021a),
we use pinyin features in letter granularity,
instead of reating each pinvin as one token.
This facilitates fexible insertion and enhances
the correlation between similar pronounced
characters and their coresponding phonologi-
cal features.

Pre-training significantly promoies correction
performance. For the autoregressive mod-
els, the pre-trained BART has lower WER
compared to the vanilla Transformer model.
Muoreover, the fine-tuned BERT achieves com-
parable performance with Transformer, in-
dicating that strong language modeling will
greatly facilitate NAR methods for error cor-
rection. Among the pretraining-based meth-
ods, PRVEC still performs the best, demon-
sirating the effectiveness of leveraging pinyin
tokens for variable-length correction.

Adding the CTC laver does not bring obvious
advantages for error correction. In particular,
BERT+CTC is inferior to BERT, and prones
i generaie incorrect alignments for the fixed-
length correction samples. This might be be-
cause, for ASR error correction, the alignment

Tahle 2: Performance comparison of our method and other baselines on development set and test set. WER denates
wond error rate (%), and WERR is word emor reduction mte. 'We also test the inference speed of the comection
models on NVIDLA V100 GPU and the test hatch size isset to | sentence to match the online serving envimonment.

between most words of the source and tar-
get is definite. BERT+CTC upsamples each
solrce token twice and dictates the model o
learn the alignment, which actually increases
the difficulty of learning. It is worth not-
ing that BERT+ CTC outperforms BERT on
the variable-length ertor correction samples,
which will be introduced later in Table 3.

= PhVEC accelerates to 6.2 times that of Trans-
former, and further reduces the WER by 8-
10%. Even compared with the BART model,
we still have 2-3% WER reduction and speed
up the inference by 7.5 times, which proves
the efficiency and effectiveness of PhVEC.
Moreover, we want to e mphasize that the orig-
inal FastCorrect used NVIDIA V10D and P40
GPU to test the model delay respectively. To
ensure the consistency of the resulis, we reim-
plement all baseline methods and test the in-
ference speed on NVIDIA V100 GPLU.

It is also notable that the training data of our
method PhVEC includes 3M sentence pairs, which
is consistent with that of Transformer, BART,
LevT, BERT, and BERT+CTC, but FasiCorrect and
MLM-phonetics use additional 400M and 300M
pairs sentences for pre-training, respectively.

4.5 Amalyses

We further analvze the performance of our model
o variable-length datasets and conduct ablation
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Figure 4 (a) and (b) are t-SNE visualization of pinyin letter und Chinese chamcter embeddings, which corres pond

to BERT and PhVEC models respectively. () is the self

attention of the 3™ encoder layer of the errar corrector.

The honzontal axis epresents X, the input of the ermor carrector, and the vertical tokens are the model output, in

which [UNK] is for the blank token «.

Methad AISHELL.l  MAGICDATA Sraegy Example AISHELL-l  MAGICDATA
Na comection 15002 {=h 2138 {=) o comection 1#) AER-) 1350 g
Transformer 1390 (7T5%) LG8 (33%) OneToken 12){biac] A08 (I5.5%) 1200 {104%)
BART 1208(196%) 1730 (19.1%} bitaldFimal  [M(bla] 390 (190%)  1168(135%)
LevT 1434(45%) 2311 (LI%) Lemeopebi EENeI): : 2ESE0AE) 1WA
s S e miEie Levers Ous) PEYB)A)ao] A62¢RE0%)  LLO4(IE3%H
BERT+CTC 1298 (136%) 1967 (L0%) Table 4: The WER|{WERR?) of different phonologi-
MLMephonetics 1448 (36%)  ALIZ{S9%) cal features evaluated on the AISHELL-1 and MAGIC-
PRVEC (Ows)  ILM(245%) 1606 (249%) DATA test sets,

Tahle 3: The WER{WERRT) evaluated on subsets that
containing only the variable-length correction samples,
The mumber of such samples in AISHELL-1 and MAG-
ICDATA is 163 and 1490, respectively.

studies to dissect the factors affectng the effective-
ness of our method.

4.5.1 ‘Variable-length scenario

To evaluate the effectiveness of our model in deal-
ing with variable-length errors, we exiract the sam-
ples containing insertion and deletion errors from
the test sets of AISHELL-1 and MAGICDATA,
and evaluate the above methods on this subsel. As
shown in Table 3, PAVEC shows significant ad-
vantages over other methods, achieving over 20%
WERR on both datasets. Both fined-mned BERT
and MLM-phonetics perform weakly because of
the inherent fixed-length limitation of their pener-
ation. The CTC layer brings significant improve-
ment o BERT by enabling it with variable-lengti
prediction, but there is still a large gap between its
performance and that of PAWEC. The correction
generated by LevT is not stable, even degrades the
WERR by 8.1% WERR in the MAGICDATA sub-
set. This might be because its length prediction

result is inaccurate. The average length difference
between the input and the golden correction is only
1.08, while the average length gap between the pre-
diction of LevT and the golden correction is 1.42.
This indicates that the prediction of LevT will pro-
duce more length differences than the original ASE
input, resulting in its performance degradation.

4.52 Different manners of leveraging
phonological features

In our model, we split the pinyin of each Chi-
nese character into tokens letter by letter and add
thern after each detected problematic character, e.g.,
rewrite the detected error character “[FE]” (biao)
to 5 tokens [FE][b][il[allo] in the intermediate
variable-length result. Here we explore the im-
pact of leveraging pinvin with different strategies:
1} CmeToken: taking the pinyin of each character
as one oken as in Zhang et al. (202 1a); 2) fni-
el Finrl: divide each pinyin into an initial ([b])
and a final ([iao]), according to the phonological
portion of Chinese; 3) Letters-only: remove the
original problematic character from the rewritten
sentence and use its pinyin for substitution. The
first two settings focus on different pinvin granulars-
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ities, and the third one wants to check whether the
original characters detected as errors are useful for
ErTor Cormection.

Table 4 shows that: (1) Compared with Letrers,
both (neToken and Initial& Final degrades the per-
formance. This is because the granularity of the
phonological features used in the two methods are
coarser than that of Letters, which reduces the prob-
ability of aligning each phonological feature to
more Chinese characiers. (2) The Letters-only per-
forms inferior  Letters, demonstrating the effec-
tiveness of keeping the original characters in X ..
This might be because, some wrong detection re-
aults tag “C” to some correct words. Removing
these original words when adding pinyvin tokens
makes the model almost impossible to recover the
correct ones. This always happens (o rare words in
some named entities.

453 Characters Embedding and Alignment
To qualitatively examine whether PAVEC learns
meaningful representations, we dive into the
learned embedding and encoder for visualization.
We first investigate whether the model learns the
relationship between pinyin letters and Chinese
characters. Concretely, we visualize the learned
embedding of pinyin letier and Chinese character
in a two-dimensional space by applying the 1-SNE
algorithm (van der Maaten and Hinton, 2008). Fig-
ure 4b shows that the embedding of Chinese char-
acters and their corresponding pinyin letters get
closer after training with PhWEC. Then we visu-
alize the self-attention of the encoder in the error
corrector. Figure 4c shows that the corrected words
in the output pay much attention to their corre-
sponding pinyin tokens, for example, “f(bu)" is
highly aligned to “b", and “Z (yao)" paid much
attention to “a” and “o”, which indicates that the
phonological features provide an obvious prompt
for error correction,

5 Related Work
5.1 Chinese Spelling Error Correction (CSC)

As a close related area o ASR error correction,
CSC has been widely explored in recent years.
Zhang et al. (2020) proposes a soft-masked B ERT
miadel that first predicts the error probability of
each character, and then uses the probabilities o
perform a soft-masked word embedding for correc-
ton. As a remedy of sofi-masked BERT, Zhang
et al. (2021a) incorporates phonological knowl-

edge into pre-training and proposes to fuse phono-
logical feature in error correction. Cheng et al.
(20207 builds a Graph Convolution Network on
top of BERT, which reflects the phonological sim-
ilarity among Chinese tokens. However, these
methods are designed to produce corrections of the
same length as the input, but incapable of handling
varigble-length correction that includes errors of
substitution, deletion and insertion.

5.2 Awtoregressive (AR) Error Correction

To correct vardable-lengeh errors, a large num-
ber of Seq25eq AR models have been proposed.
Fhang et al. (2019) uses a Transformer-based
model for Chinese ASR error correction. Wang
et al. (2019} incorporates a copy mechanism into
Seq2Seq framework to copy the corrections di-
rectly from a prepared confusion set for the er-
ronecus words. With the popularity of pre-training,
Zhao et al. (2021) uses a pre-trained BART (Lewis
et al., 2020) to initialize the correction network.
Although these AR models are able to deal with
varions types of errors in ASE, they can not sat-
isfy the latency requirements for online services,
especially for some real-time scenarios like simul-
taneous translation (Zhang et al., 2021b).

53 Non-Auntoregressive (NAR) Error
Correction

MAR models are designed for fast generation speed
compared with their AR counterpart by producing
all tokens in a target sequence in parallel, which is
widely explored in machine translation (Gu etal.,
2019; Xu and Carpuat, 2021), ASE (Fan et al.,
2021), TTS (Ren et al., 2019) etc. Recently, some
studies (Gu et al., 2019: Leng et al., 2021) propose
to apply NAR models to variale-length ASR error
correction based on a length predictor, which first
estimates the length of the target correction, then
rewrites the input sentence by dropping or repeat-
ing some tokens according to the length estinated,
finally performs a sequence labeling on the rewrit-
ten sentence to achieve correction. However, itis
difficult to predict the target length of an incorrect
sentence directly, even for humans, while the acco-
racy of length prediction is closely related 1o the
performance of error correction.

6  Conclusion

In this paper, we propose a non-autoregressive Chi-
nese ASR error comection network with phonolog-
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ical training. Our method first detects the problem-
atic characters, then adds the phonological features
of them to adjust the input length, thus generat-
ing a variable-length sequence for emor correction.
The phonological features enable our model to pro-
duce similar-pronounced corrections, and support
varriahle-length correction in a non-autoregressive
misde. Experiments show that our method is su-
perior to the autoregressive method while main-
taining a 6.2x speed-up. As a futre work, we
plan to extend PhVEC to other languages and use
corresponding phonological tokens to correct the
variable length errors cansed by pronunciation.
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A Experimental Details

Al Structure and parameters of ASR model

The ASR model is an end-to-end encoder-attention-
decoder model with a 12-layer conformer encoder
and a 6-layer conformer decoder, which is trained
with cross-entropy loss on decoder output and an
auxiliary CTC loss on encoder output. For the
hyper-parameters of the ASR model, we take the
heam search decoding with beam size to be 10,
conformer kernel size o be 15, ctc weight to be
0.6, Im weight to be 0.3.

A.l Balance the objective of detection and
correction

We explore the impact of the weighting strategy
that balances the two objectives in fine-tuning. Ta-
ble 5 presents the results of PhVEC in different
values of hyper-parameter A Specifically, a larger
A value means a higher weight on error detection,
and the highest F1 score is obtained when A is 0.5,

X ABHELL-1 SAGICDATA
DewWERL TESTYWERL) | DewiWER]) TEST{WERL}

ol 141 ERL) 1042 11.37

s 342 EX ) 1019 1

os il izl [P 1047

Table 5 mpact of Different Values of A
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ASR (Automatic Speech Recognition, ASR) A& — M ki | vz fd F G S N 7
2, ERIESE S FEOCAK . BT ASR RETI NIRRT AT S PR, TR
I3 T — PP SRS AV R 1 Ja AL R LY 457775 PhVEC. %T ASR &5 P 4%, A
TAE R TEKBIE, BN RA token fESCN IEH ] token (—X—1&1E) ,
R EARKABIE (—XF ZEE X —MBIE) o ASCE X BB LI H T — R 2 4k
H [E1J5 (NAR) B SC ASR R ZE R IE Tk . 5AL G NAR J7 i Tl &) PR BEANE], AT
PEH T —FR FHE SR 0Y IR A T AT AR KR IR I TE, A ERATT AR A R % AR S
FABARIAR IE o FEAS [ S At 5 b S a2 SRR BH, JRATTA 7 VETE PRSI A 1R 2
TR T BESGE, 5 ERARAAELL, HEHEEE R T 6. 2 fif.

1+4

H B85 0 (ASR) S N RIE 225600 J5 2R 55 (B SR B aiess)
HITERE. JTAEk, ASR AEEHURHAR S (Anantaram et al., 2018;Aani et
al., 2020;Zhao et al., 2021;Leng et al., 2021) SKZH{k ASR %t 32 1E SCA %% [A]
IR . ASCHEA R —RIERIRTHE ~, W70 1 D0E ASR 24 Al

ARSI H R RAES E )7 ASR G5 R N, KR YU 8 SR 2 IE AR i — AR T
PRI, ASR 2H AT LS A £ 4 1 1 1m0 U5 B% 7 1 (Seq2Seq) HEZE T (AL 4% 8 13 1]
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TN R FARPE R B ChoCERe)

f (Guo et al.,2019;Hrinchuk et al.,2020;Mani et al.,2020) . #Rifi, H 64
TRBAEAEAR SRS 1 R R, RO REA H AR 2 TR AR U T S i AR B ) 7+ (]
1(a)). Beoh, HTRAZEESHUN, ZHRR S E RS ARRESRIE,
WHER TR, HHRTR (R, biao) BIZHHAMIEAN ( “RE” , buyao) {HZEF
BB 7 5 (B AL B SRR E, KA ENE S AR ESS R CORYE”, buxu).

T IR TR R, Bl AR R AEE DS (NAR) 5 (Gu et
al.,2018;Ren et al., 20200 #EATAEE, 1HITVEIFATINAERBEFR tokens. KZ % NAR
JPETEAT ] A A TIO,  JE B R R SO AR SR AR S IR A R (i
(Zhang et al., 2020) . —L& TAEHE— BRI HE ERHERA IE HARUR & T4 511
ASR #8i% (Zhang et al., 2021a;Cheng et al., 2020) . IXFERIJTEEAEL IE /] BLiR 2 7
A TR SO, HIGE A BIEA B bR K AR RIREA, RO ERKIRZER . WK
1(b) Fivs e ZITERIIHAR T HIR AT (“R” , biao), FR¥GH B ARG & RHIE
“OR” AT AHBRATEE KT LIHR R P28 THR A4 ( “48” , biao) .

N FIRLR, R CREEE AT, FRATTER T AR NAR A Ty
% (leng et al.,2021;Gu et al.,2019) . fATESEESL T — MK FEE TN 28 At
HHREST, BIRIFEREEA token B H AR token MUK, SR G ML b SRRE Bl 2 4
— Y tokens, LAHHATIHATAIIE. SR, Z500RMETN, BFUARIERRK RIS
AR, IFTREEE TSGR, i, ZWE 1 (), KEETRNES A T HRaIRT
#0211, RIS ERENEFR, B ANEFR R BT, 1
PRI, RS T AR AT ( RS, B CTFRTREL ),
GRS

BEXT FIRTRI R, #RH T — BT NAR AR
PhVEC (phonology-basedVariable-lengthErrorCorrection) . %M A Eh & 1 48R 747
5 RAFE, DASEIAS KT . BRI 5, PhVEC GLFE— MR WX 48 Al — AN 3T Tl
SRIE SRR IE M4 (Devlin et al., 2019;Sun et al., 2020) o i kX £ T 44
token M IEHAME, 1 IEMIZE A BB IELS R . BATEA A T00 388 SF 5000 4 I
LB RS, TRASMEN B R E/F 2 )5, 15 & Hrid (ChinesePinyin')
VB 5 BLAHE N BE P 51 o ZE TR A 8], BEANUE token (BUFEFF token B & token)
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T RERIMER T (PR R R 10%) » BIfi L AR JEL875 5 48 1 BART (Lewis et
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Encoder Ii%jﬂa Length Predictor : E. ;D: t, !
—yp bpecer, ] T Eeoder [ rror Detector
XX X3 x_} X X X3 x—f‘r X X Xs % X X X x;
" b%';DRE i i b%giﬁ i o= B R b%_ ME
ni biao ?ao
(a). § Se (b). Tagging wit onetics (c). NAR wit en redictor 3 o
Seq2Seq b). Tagging with Phoneti NAR with Length Predi (d). Phonology based NAR

(Owr pispisid)
1:FF3C ASR AR IE R/ . JHIES “ni bu yao nan guo” ( “AREsfeid” ) kiR
HARAIN “ni biao nan guo” ( “ARIGFEMET 77 ) (a) 7 FI 27 HIBRL 20 | i85 AH
I, AR T RAEA ES )T (b) BA1E S RE R 5 bR 10 B R A ) H
THERI TR (“K” RoRBREAZE, “C” FoR1EH) , HlHTE R SRR T,
PR G T ¥ A B DA S K FE VR B N I BE 1 o (o) 5 K T 4% 1) NAR A5 4 R s
VEFFE “ni” XA B FRPRICETNAN 0, TIRFFF “ni” MiZA 1. AHRH, el
B T AZF AR T A IERAE R . (d) S PhVEC Bk Je il oA a8 i bR,
SRIG RGN IE B RRAE AR AR (R 45 3, Jd i oa /b 3 5 At e A a5 R

2 75k
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TN R FARPE R B ChoCERe)

H3C ASR AT I AN BL MRS . 4 — MRS RS X=(x, X, ---x,) I n 4>
D BRI NS D n NP Y=Cy,y, - p,) » TEERERE, H

VR AR B m AR — 5 TP A1 no I X B Y [0 o 2 o 47 76 = 250 ) ASR
AR B BRI

B 1(d) BT, JRATER A ASR 15 220 TE AR phy it 2 U S 0 158 2 0 I 28 4L
Wi #HAT NAR FRICe A48 DL X FE AN, T4 R IE e o 210 0
DAEIE 5 B2 A R 18 B S B3 B GE A A N HBEA TS IE . 85I, 7 IR N f 4
AFRICES A LARE I B AR “e 7, MR AR R KA. T ARIE
i 7R R 2 O R, T LR IR B 4 R eh B T 3 S R 70 16
AR, R FDE S 9 AT . PRVEC 125 ST & 3 SIS HEAT (10, A 22 A
2 BRI AL
2. 1 B iRAa I P 4%

RT3 HAR R — N x, 1<i<n) BHIEM. RITEXMESEBNF
FbRid e FATHIER NP F1 ] 73 2848, IHETRZE 1A 0 23 0l Aric A [n) R - R A
IEH 7. ground-truth MMFREE C=(c,,c, +-c,) WILF X A1 Y 54w FE 25 VTR K
Tdert s, He, €10, 1} . wERMZAFHTMLERHFHIC =(c,c,,-¢,)» BATH p,
KEKIR tokenx, BEFMFISE 1 (MR, wTRUEAfLin T

p, = p(c, =1| X) = soft max(f,,.(E(e,))) (1)

e, =(e,,e,, e, )& token X FIHKA, E T transformer HIgmhdgs, f,.. ¥

TR B R SR TERR R . O T UNGRERY, BRATTR A BAR 28 SRR 2K b
e

M =—~leInp, +(1-¢)n(l - p)] (2)
n
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TR RZEARPE RN (R SCRERE)

P RIF X e B B e erld
T T
Xeor fR)ZE b 1 MW a i
v TR R OyE]
h’.u }’(;.;‘_
Yae L5
X R - - A |

V1 2: AT X, AR Y SRETVIZEREAS (X, Y) o JRATE Sebiid: X sh R IR A Y
PR AR (EIIREHD) « RJE AR LCS 002 (REAsk) P bRgHE TS X, &
SELTE X AT RS tokens F35IK. BUS, MHEXITRAERY o 6T NULL %55,
fitn “i” , BRI ANMRERA token “e 7
2. 2 24 M 4%
ERHIEAR G, BATTINESIR TP R, FR AL M % . Aok, &
{11 PyPinyin® T RRARREI DT AP, IFEE GRS 755 5
RS . RAVINAT X = (x,x,,-x,) MG X, = (x,x,,-x,), Ht2n, FE t-n
B token [HR

BT X, HHREIERHEH FIRRE R LR Y = (v, ), ) W

p(y, =v,;|X,,) = sofmax(f,,E(e,,)) (3)
Hfp(y, =v, | X,,) & x BIEHLIE Ay, GHERY FIIEIA § 10 token) HIHEZ.
e, & X, [ token BN, f,, AN token RS BB | v [P logit
MR AER R . R, token HNINSEL, Siias B RURIEMZ £, i TR T iE

SR YILEE Devlin et al., 2019;Sun et al., 2020) . FRAILE 248 2L 4 4l o rp 4t
EWIN G SH, K ILE A B P token FEATHRAY, XAMNIR /N T AR
HIR/N, WA AT P A T B B (35 SRR o
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TN R FARPE R B ChoCERe)

BRI S BAR A IE X, SIS IE Yo 2RI, XIFAR— TR RIS,
N X, BFIKERY BKERTREA—FE, L, BAE Y EEAY =G, 0,3, K
FE5 X, M. Bk, VR Y M, FERYE A x5 E AR S
FRATHE X 4R token MBEE SARMTHI R ERAR) Y BEAT HUE, JRARAE B A JL 7
R (LCS) SEBEAT X 77, & 2 JRARE 2Tk o AR FATIRIEX FFEE Y 2§ .
RZERIE AR 2K AT DL S F

L, =-> log(p(y, =5 1X,) 4
i=1

FRATIHRE (2 500 R 2 3] P2 A7 2 TR A DGRt T A 2 2R o A
A—FERITIE, BATE N OB %R #5432 (Connectionist Temporal
Classification, Graves et al., 2006) K2 2% 5% (BT iz FHFALK T, W
ASR (Audhkhasi et al., 2019) . F5HI (Bluche et al., 2014) 5. (HIRA 1A FEAR
R CTC,  [AAFRAT B BRI 15 5 R HE ) 55 1] LA AT S HhdE AT ASR M4, 53] 4
JERF AR, X BRARAE I M HMESE o FRATIAE S50 e SE T FRATT IR 1% o
2.3 BRE ] 5HENT
ST (X, Y), BATE Sl e s SR 1 ¢ FUBIEBFR Y, SRJEHE
ERAPEAEL, R R
r=ir,+31-4)-r,, (5
Horh 2 AR ZHL

FEHEREBT B, JRATHE Sk A IR 4, PR SRR ZIR A T, AR5
B R REA 1 Bp(y; | X,,,) FIBEZRTIMEIEF 5 Y, BAMMBIESS Rl 2
R AARFS T2 A 10 € HRA Rk B 4 38 B AR A0 B 52 2 7F, Al 1 (d) TR HTR » 1
B RIS AL TR R X, AT XOEEAT A, T E A e 0 25 T A IE A ) AR

B T AR R AL
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SN ARUE HAlL B SR

Substitution Error Deletion Error Insertion Error
she ji fu xuan X1yang
Simulated X FRBCRRTHTFRE JEREIHEEAE X Y TS ER =

Pinyin Pertubation  ETAUBIEshepFIRGu {EEEIHEITF  aens(u)anFiiX iy )angfTIHE SR Z 8

Pinyin Replacement 0¥ &shejiFFFhu JEEEIEFTE AxionganFi X FxiangfTIE SRS

Golden Y BRI RTRAF TS RE R

B3 AR RO GRFE AR R . AR B B AL Ebric )25 0 AR IR - I
DU RS NI« BRI P05 . e P HF 5 0 BRI 1R 74T o

JEREIEE NEEFTX

3 YISBHEE K
BATEE HE b 1% L5 (Zhang et al., 2020;Takahashi et al., 2020;Leng et
al.,2021), FIRIBAUR) ASR R ZE & I ZRiE R %07 kIR 4 A 1R 75X
FRAR] B 4G A T A ) B B R A RUBEADLI ASR S5 R . B UL, AT =B AR
W P SCAS : (1) SRAE— B 47, IR LB v Pt . (1) AR SR AP s g = JF
A FHT A RS (111) 2T ST 5 1B & A e 1 1 - B L]

TEEE—0h, MWELE G WA R R IR 51 (R IG5 (Wang et al., 2019) HERAR
(B BAR] . FE58 0, FATIE T =R & PR3 SRR R S i . M BR 1R
FANEER, WA 3 Pos. R, FEAE UM BRANE N BRI, T RES N — LEBEHL TR
KA M PEE A Bfa, RGBS, I n-gran & 5 B AT
B (A FAE R B 2 IR ASR 453 .

4 L

FEBAN S0 ASR AAEHAR 4 B AT Sst . B8 F B iR 4 R % (WER) AN B TR B 15 %
(WERR) SR Ak FATTHI 2 E5 44 RE

4.1 BERE

AT SeAE ATSHELL-1 _E %k ASR #74 (Bu et al., 2017) . YIZREEM S 150 /NI
WG, DARAHN AR, FEAFEM A, B WEETTmREE. K5,
ZRIF (1) ASR AR AU iR, AR RO B ALV, W3R 1 s ATSHELL-1 JF &6 A1
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FMAE AR AL R SR

MRS 16 /NP HTE &, XL 21K XA Fo MAGICDATA3 A5 43 /N F 3 368 135 15
AR IS, HERS%.

Hi 300 77 2% M 2 4 14 1) LA B iy A RELADLER 0 10 i 75 6] - 2EL A ASR 2 IR
T R SR E KRR IR I, WA R RUR & B 3 = 1 D ASR Fa N o X308
AR KA IE B I BN R . BATME KNG Eidis th B 270 JNREAS, %R 1
0. 3N F) A AU AN A B 5% o

4.2 YIZREm

52 R TAE (Leng et al., 2021 4F) —3, FA1M8FH ESPnet (Watanabe et al., 2018)
T HALLE ATSHELL-1 YIIZr4E LI 4% ASR #5571, Conformer architecture(Gulati et
al., 2020) fl SpecAugment (Park et al., 2019) t4% F T42 = ASR PERE. *FF ASR &Y
B, FRATRH” chinese—bert—wwm” (Cui et al., 2019) /E ANFIIZAE T kAT 46

HFRATTH PhVEC 2 i & A0 A T T ZR A0 75925 JAT TR 22 21 R E N 5¢7 5 dropout

WENO. 1L BEEFI PRI FESE N B E N 0.5, IFFH AdamW (Loshchilov and
Hutter, 2019) {E AL ES . 6 24075 ] IAER ¢ A Fr 431,

Dataset AISHELL-1 MAGICDATA
Dev 14,329 6,756
Test 1,176 15,131
Avg Length 14.42 9.78

Type News Command

R 1SRN BRI Fi T 4h

4.3 B

AT AT PhVEC 55 [ 151975 £ 2% (Vaswani et al., 2017) , BART 347 1 LA (Lewis
et al., 2020) [F]If Feir f Ja it AR 5 BV 7340

T :Levenshtein Transformer (LevT) (Gu et al., 2019) i#id 7E NAR AEZE N iEARHAT M
By AR ok AR KALIE . FastCorrect (Leng et al., 2021) i K i 2
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FRM K ARHE B B CPSCERD
SEHAS KA IE, T 245 115 token BiZEH N H A% token KR, RIGEE
/EFEVR token, VIAERRAEKFHE N IR IERHIN . MIM-phonetics (Zhang et
al., 2021a) 183 T ZREE B B RHIE 15 5 ALK S 7€ K B2 A5 AL IE . BERT
BLAEOR PR R ADE 5 8 DA R 8 K B2 42 1 . BERT+CTC BVETE BERT HE M JE
il BRI T —A CTC Bk SEI AR K A4, 22N B MEFRICHEAT 2 I REE, TR
CTC HfE L T H 357 I8 H AR EExd
4.4 BIRGER

PR RO SR 1 LU AL A AN 2 s AT S 3

 JRATTHE 1) PhVEC 7E PN BOR AR LI vERRAR T BT Hoft 7 ik . X1+ ASR PEREAN[H] (19
AANHHESE, BUEYIIRTG T %) 20%f WERR. PhVEC KHE T T BUA (W6 Ah =2 138 KA
IE/J7iE LevT Al FastCorrect, J&ONER /ML B [B1JH Transformer 1 BART 57
J71, WERR P4 T 8. 55%A1 2. 39%.

*PhVEC 1 MLM-phonetics #OR B ERAESI AR, {H PhVEC YERESELF. AT X
VA EE T IS I TH - — R B KR IR A BB e, — R Pt R A BUE R
55 Zhang et al (2021a) ANF, FATEF-BERLEE A HPEERE, A ZH AN PEE
MAN—Ahrid . ZAMT RGN, G50 AU & 755 Ho0 B TE SRR
[E1) (R AH DA

YIZRAT 2 F S IE RS X T H AR, IZR00 BART HEAY LR 45 1Y
Transformer A HA FALH) WER. [F]IS, Ak J5 1) BERT PEfE S Transformer 14,
X% B SERIE 5 SRR O IR NAR J7 iR B R AR OE o 7R3 T TN ZR 1 J7 v H, PhVEC
VISRE I BRI, W 1 MBS PRl #4728 KA IE A R0

YN CTC JZIFACA e A R W B A 35 o 5703, BERT+CTC ANQ1 BERT, [ 7E
FERZIEREA T 25 5y P E AN IR RO HE o X FTRER N, W T ASR RZERIE, XkUEAN
H AR K3 4337 2 AR A R i - BERT+CTC AR MNEARICHET 2 IR ERBE, FHIR R
B2 2105, SR B3N 72 S MERE . [EARE R A2, BERT+CTC R KA FHEA
BRI T BERT, FHJEH57ER 3 HAH.

*PhVEC hnid )38 5 a5 1 6. 2 £, JFEit— B FEIK 8-10%H) WER. 5 BART BLAUAHEL, PhVEC
[¥] WER PEAK T 2-3%, HEHLEEHR S T 7.5 5, UEW] T PhVEC [ msltEAG &tk 5
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TN KA B CPOCERR)

Ak, FEIEIRIA—F, J5K FastCorrect 43548 NVIDTAV100 A PAOGPU P 1 455784 4iE
B N TAREHERE &S B —8tE, 76 NVIDIAVIOOGPU Fs2¥l 7 BT HI3L 2k vk, 3

B

EFE A, FATAY 778 PhVEC ISR B4k LG 3M X A)F, IX 5 Transformer.
BART.LevT.BERT 1 BERT+CTC [ Il 5 ds /& — 3, {2 FastCorrect Fl MLM-phonetics
A EAME R T 400M F1 300M XA T3 4T T 25

AISHELL-1 MAGICDATA Latency(ms/sent)

Method Dev TEST Dev TEST TEST

WER| (WERR) WER| (WERRT) | WER| (WERR1) WER| (WERR?) GPU
No correction 446 () 483 () 13.82 () 1851 &5
Transformer 380 (14.80%) 408 (15.53%) | 12.09(12.52%)  12.19 (9.77%) 149.5 (1x)
BART 362(18.83%) 381 (21.12%) | 11.36(17.80%)  1133(16.14%) | 180.9 (0.8x)
LevT (Max iter=1) | 437 (2.02%) 473 (2.07%) 1381 (0.07%) 1391 (-2.96%) 540 (2.8%)
FastCorrect 389 (1278%) 416 (13.87%) - 212 (7.1%)
BERT 371(1682%) 398 (17.60%) | 11.67(1556%)  11.79(1273%) | 14.1(10.6%)
BERT + CTC 378(15.25%)  401(1698%) | 12.13(1223%) 1211 (1036%) | 14.5(103x)
MLM-phonetics 364 (1839%)  390(1925%) | 11.59(16.14%)  11.68 (13.55%) 237 (6.3%)
PAVEC (Ours) | 352(2108%)  3.62(2505%) | 1119 (19.03%)  1L04 (18.28%) | 24.1(62x)

R 2: JAITTIE S A B AT A AN AR RO PERE L. WER D9 4HiR 2 (),
WERR My 74t R/ %, 2E NVIDTAVI00GPU _E3IA 18 IR R (o HEFR SR, 440
BN EE N 1 4], DAILECAE 2R IR 5530553

4.5 5 ¥7

HATHE— DI04 7 BATRIBE A AR K AR 4R EROTERE, JFEAT 1R FU I 1 520
PV R

[CLS]#R %&b i a o ¥ 8 a iT[SEP]

" z CLs
- 5 o - st , . e o
¢ 5 i
¢ o . N
“Nfoi o nFE _ & w @ wa TH, Fa 22
S rEd s 8B ¢ e € F 3
e WVl e, T & & [UNK]
& sy 5 ¥ #e ok .
¢ L o o o g 2 =
L CE my o & o e I PD F =
w0 q " IE’E A& LK K ¢ B ¢ ity S
., &4t "‘ Ay E T F @ % 3‘ ﬂ* iy & [UNK]
& i x B n & & & & [UNK]
w0 A 200 i i
= [SEP]
s E— ™ w5 W A
(a). BERT-tSNE (b). PAVEC-tSNE
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(c). PhVEC-attention




SR KA A B T RS R
K 4: (a) fl (b) APt F BRI RN t-SNE AT 304k, 43 B%) 8 BERT #£2U F1 PhVEC
R, (c) N3 R EHEIGERER IES IR ERE . BRR X, IR IS5

N, FEEIMCRER S, HAd [UNK] 2% Afride.

4.5. 1 B KGR

N T PSR T A B AR K AR 22 G R, A ATSHELL~1 A0 MAGICDATA F i % 4 rv et B
EAR NI BREROREA, FRE T VRS Bk . ik 3 s, AT IEM
Et, PhVEC RIUH IR HIOLH, EM DBt AL S 1 20% 0L E ) WERR. K& 4L
BERT 1 MLM-phonetics [PEREHBIRSS, PRIA e AT AR BCEA A AR I i < 82 B 1 o
CTC JZSE3L 1 BERT BT, A HERefG 2] 7 RE 5T, {25 PhVEC AH LA
KEH. LevT PR IEAFE, £ MAGICDATA T4, WERR HZERK T 8. 1%. X
A BB R A B IR B T 285 AN HE B . SN 53R SR IE K ISP 240N 1. 08,
17 2 28 TR B2 5 B A IE R BE (RSP 2200 1. 420 X UEHA 260 3 I T 23 7= AR T
JFUE ASR I NTE Z K EZE S, SECHMERE TR

Strategy Example AISHELL-1  MAGICDATA
No correction [#] 4.83 (-) 13.51 (-)

OneToken [F%][biao] 4.08 (15.5%) 12.11 (10.4%)
Initial &Final [72][b][iao] 3.91 (19.0%) 11.68 (13.5%)
Letters-only [b][i][a][o] 3.85(20.3%) 11.59 (14.2%)

Letters (Ours)  [#][bl[illallo] 3.62(25.1%) 11.04 (18.3%)

2% 4:7E AISHELL-1 F0 MAGIC-E#E MR AL P4k AN [E1E S RF1E /) WER + (WERR 1) .
4.5. 2 FIFAFBHFER AR N

ERATE S S, AP F PR — DN P R — AN B E)N token, FEERE
ARG B ) o) R 755 2 JG i e, wiltn, BRI s R 25 “[3£]7 (biao) BE
A E AR K gE b ) 5 4 token[ ] [b][i][allo]. 7EIML, FATRZR T HIFHAE S

54



FRMN K AR LB Chor R
SR FH B B2 : 1) OneToken: £§ Zhangetal. (2021a) ; RN ERFHIPEEHAE N —A
token;2) Initial&Final : ARYEDCEIIE By, WEEAPEE S H—AFFK ([b]) #
— AN JE i ([iao]) ;3) Letters—only K A [l B 2 W E 5 B ) 7o b, FHIHBE
FAREr o TR B T AN R A DE S RORL, 5 = AN ARG A AR I A B R I SR A
TR A EEA .

# 4 BoR: (1) 57 RHEL, OneToken A1 Initial&Final #4xFEARIERE . X2
SRR AR T 1 BT 0 8 R E (R L R RO SRR, PR T MBS R IE 5 2
FXFIIMER . (2) Letters—only MERECT Letters, UEMI T7E X, AR EE R 46
FRIA RN XATBER Y, — SRR S “C” il — L IE B i) B .
FEARINTE B B0 I N B 1 6 S 0 B A] , AR L AN AT Rk 2 T A 1) S ] o X 1
0 S A R HEAE — iy 44 S R R AR AR
4.5. 3 FRARAMXTFF
N T E MRS A PhVEC % 2] 1A B RN, BATRNZ SRR N b 25
BEATATARAL . FRATE SE M AR AR 55 2 T HFE TR 2 A R R Bk,
BAERL M t-SNE 53 (van der Maaten and Hinton, 2008) , K2 >] #1535 76}
FPCFARNAE e T P Al itk . B 4b 7T LA, 43d PRVEC %G, W53
Xof L& - BER RN SN . AR5 FRATEE A B s T it e ) B E . 1
e SEaRH H AR 2] T ) B R SGTE HON R HE S A, B “A (bu) 7“7
FEXETE,  “E (yao) ” MAEHKIE “a” M “o” , XEMIEHFHE AL R T E

HI5E7 o

5 R TAE

5. 1 FHHIRERIE (CSC)

BN ASR A E UIAROCII AU, I RAGH] T T 2R E . Zhang et al. (2020)
feH 7 —FhBBE# BERT B4, 2R E e NS AT B R, SRS X e
MEZRBEAT BBF iR iR N BEAT B 1E o 1 9B 521 BERT IIAMNRUE I, Zhang et al. (2021a)

B SRR 7 ISR, JFR AR 8 PRl & TR S RFE. Cheng et al. (2020) fE
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FRMN K AR LB Chor R
BERT [ 5&hith bR T SRS, 124 I T DUERF 5 2 IR E S AR . 281,
XL VAR B B A SN FEAR R S T, (RTC A SRR B 4 . M R A4 N\
RN AERKAZIE,

5.2 B EH (AR) RERIE

NTRIERKGRE, KEFHIHFH AR BRHHER Y . Zhang et al. (2019)fEH 1 —
Fh A5 TR 38 (1) P B ASR R ZERRIERE . Wang et al. (2019) %52 HIHL i 5 R 2541
B FHIRELL A, BB & U R R BRI SR SR S IE . B TSR &, Zhao
et al. (2021) & I FIIZEM BART (Lewis et al., 2020) SKAJIAEALLIAE L%, BARIXLL
AR HLRIRERE AL BE ASR 1) & RO R AR 1R, HE NIRRT R IE LRSS I IEIB 75 5K,

Rl e xt T — ek 5, an[E PP (Zhang et al., 2021b) .

5.3 JEEEJT (NAR) IRZER IE

5 AR BRI EL, NAR BORLE FFRAT A B AR A BT A bR, TR 1 SR
A RGE S, IXAENL AR AR 2] T2 R R (Gu et al., 2019; Xu M Carpuat, 2021) |
ASR (Fanetal., 2021) . TTS (Ren et al, 2019) 5. filr, —LHf 5T (Gu et al., 2019;Leng
et al., 2021) 52 4 NAR R -5 T FE T A2 K ASR A&, 2B B S fhi it
HFRM BT, SREREAT IR, i A e E S —Shrid R E SN AT,
B JE R B ()R] AT R SRR IR SEIL A . AT, BT NSk, AR ME BT
AR AT 10 B AR, K B T P A 5 8 1) e e 5 DA K

6 4t

ASCHEH T —FIETH R IR AR B 11 AR SC ASR ARSI 2% . BATT K77 125 1 S Al ol
AR TR, SRJE N EATHIE B R B RN, MR iR AN K 7
TR o BRI TRA TR R BE0s > A AR R 5 20 1E, JF 3Rl A Bt T i
ABRAE, LRI, TAVTIELEALEF 6. 2 i o P H 7%, A
R TAE, FATHHRLKE PhVEC 3 JR B FL ARG 5, 56 A (15 35 bR ke 2] 1F R 5
5] A A KA
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il
[E 28 = SR 18135 B (NO. 2017YFC0820700) Fl[E X [ 4R R 541 H (No. 61902394)
T T AW . R T EEE vk, BGPTSR N B s R

BN

C. Anantaram, Amit Sangroya, Mrinal Rawat, and Aishwarya Chhabra. 2018.
Repairing ASR output by artifificial development and ontology based learning.
In Proceedings of the Twenty—-Seventh International Joint Conference on
Artifificial Intelligence, [JCAI 2018, pages 5799 - 5801. 1ijcai. org.

Kartik Audhkhasi, George Saon, Zoltan Tiiske, Brian Kingsbury, and Michael
Picheny. 2019. Forget a bit to learn better: Soft forgetting for ctc—based
au

tomatic speech recognition. In Interspeech 2019, 20th Annual Conference of
the International Speech Communication Association, Graz, Austria, 15-19

September 2019, pages 2618 - 2622. 1SCA.

Théodore Bluche, Hermann Ney, and Christopher Kermorvant. 2014. A comparison
of sequence—trained deep neural networks and recurrent neural networks
optical modeling for handwriting recognition. In Statistical Language and
Speech Processing — Second International Conference, SLSP 2014, volume 8791
of Lecture Notes in Computer Science, pages 199 - 210. Springer.

Hui Bu, Jiayu Du, Xingyu Na, Bengu Wu, and Hao Zheng. 2017. Aishell-1: An
open—source mandarin speech corpus and a speech recognition baseline. In
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Xingyi Cheng, Weidi Xu, Kunlong Chen, Shaohua Jiang, Feng Wang, Taifeng Wang,
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similarities into language models for chinese spelling check. In Proceedings
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