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Abstract

Grapheme-to-Phoneme (G2P) conversion is an important part of the front end of speech synthesis,
which affects the quality of speech synthesis. Nowadays, most of the research on G2P conversion is
aimed at a single language, and in practical applications, single-language synthesized speech is far
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less practical than multilingual. Therefore, this paper uses the Transformer architecture to study
the G2P conversion of multiple languages (English, Japanese, and Korean) under the condition of
text cross-mixing, and uses Phoneme Error Rate (PER) and Word Error Rate (WER) as evaluation
indicators. English is evaluated on the CMUDict dataset based on American English, while Korean
and Japanese are first expanded on the Korean and Japanese data set on the SIGMORPHON 2021
G2P conversion task, and then evaluated on the expanded data set. Experimental results show that
under the condition of text cross-mixing, the phoneme error rate and word error rate of English,
Japanese and Korean characters based on Transformer architecture are greatly reduced com-
pared with the single language of English, Japanese and Korean based on Transformer architec-
ture.
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e, (A SCHR LR 7 3 TR FE 5 ) TR R RUN PSS R IR MR R E . FEEHE
MEETt, PTRAR KA M ih & & ) B AR 2].

oA, Transformer #ERY[3 ]2 58 43 TVERE JINUHI[4]100— MR 2= IR TY, = ILEIE B ridiz
71, RS ME S, [FRVER NI SCREIFATAC T3 . DSCHER[S ] AT AN AE AT S 1 7 5 e 4t
i, Transformer #5284 Lb 7 21 21 7 5 (seq2seq) [6]55 IR 27 ST I KR BRAK T & 2= R B AR H R R,

B8 A A 50 H TR 28R B TR iR, R — AR R SRR UL, B AN EE
AT E RN, WRERN AT SHAE, B0 EH TIEES, X n 7 wka
Ao (ESEBRM A, ZEMIEE G RSEAMEE M, (2 Bl 2 5SS & st i, FikG i ss 2
EAEE SRR BT

ASCHEFT T Transformer ZEM7ESCASE AR & 564 N 2iEM L. 0. 87 Eid, 15208
A DUIE T 2 5S04 ARSI IR 45 5 73 0i 5 55 T Transformer 2244 (¥ B — 5 Fh 7 04T 1 HUEL . SE
U4k R, A SR 045 AR R AR R (PER) A LR A 1R R (WER) J7 TH A KBRS T, W& i 35 218
B8 A E R #EE

2. B AE

YnlD 4% - fRID 2% (Encoder-Decoder) & VA & 2 ST T g Fh A & . W2 RSB A S 2 FIX — 38
Ko LLanBAm4 M 4% (Convolutional Neural Network, CNN) [7], ¥ #H4£E M 2% (Recurrent Neural Network,
RNN) [8], LSTM (Long Short Term Memory) [9]F1 Transformer %% . 1% £ [ £ 4844 fi FH i 2 i 255 N 5
PN — A, AR A8 D 3 T2 =) B ) B R A i P 91 o Transformer /2 — A58 22 TVER
FIMLH BB
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Transformer IR as 0 H N N as S e, NS H 9 N 2 JE = JJ(Multi-Head  At-
tention) Al Feed Forward Network (FEN)FANESSr, PIANERZ I AR N 1 R 2 &5 03047 17 23— 1k
Transformer B v ) 2 Sk 2 ) v LA SR % S A R R 12 A {5 &, Attention R I JE N
output = Attention (Q,K, V), 1 Q % query, K3 key, VAU value. £ LR IIAZPAT B
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SERATPHEN S, HAE— A5 ) 2P 1T B R A B 45 R .

Transformer FIAERS #8507 [FIAE B N RIS 28 HE S R, BEARGE MRt #8 50 7 0L, fE— AN [A] e f
NI Z T —/> Masked Multi-Head Attention |2 . 1%/2 RHERSHLELE A TR 7 A BEEME, #HiR
TR - 228 A B A 5 40 A RS 23 Y Multi-Head Attention 2, FIRIZZHmISET 2 MME, K, V
KBTS, M Q& b— ZMAas it . g3 H 45 K518 il B A &t ius 0 8=,
RGBT softmax 215 B RN A B AEES, B FERE 2 v X ] [a) B AR % H
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51,
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Figure 1. Schematic diagram of the Transformer model using a single English example
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Figure 2. Overall flowchart under multilingual cross-mixing conditions
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3. SKEERR S
3.1. BURSIERM K AR

W F PR FE i, PREHESEIEFNIEEER CMU K& i3 (HBFR N CMUDict) [10]. NetTalk
HHEEE[ 11181 Pronlex #HEHE[12]. CMU K& 1] M HH = A FEHRE [ K5 (CMU) 1 A 1) 2 L 400 2 1] 3t
FEN ASR TR, 68 ST MIETE Fun B AL S R & s, 8 TE S BN AR T . AEiE
134,000 #4230 & H k35 o NetTalk BB 4 1E 1986 G K — N IE T LMK IBIR RS, —RNT
HIFFE A5 IS (LA 3 BT BE Y B0 A B (A 3O S Z A e 12 o 28 AR AR = B 3
FBXFFE1, AL F 20,008 ASXF 55 (1) 27 BE R B 5% 11115 % KR - Pronlex 98 48 35 2L B R 51 T K 1,
BOHTRA [ Pronlex Zds £ L7 90,988 /M 4%, iins WSJI30. WSJ64. Switchboard il CALLHOME #£if .
(WSJ30K F1 WSI64K 2 M I iT ] ARPA JE S5 5 1R 75 Rk B Hh 48 FH ) J LAE S /R 4T H RSO AR g B 1) 4]
H|% . Switchboard /& —> 300 J3F KK T &P M HIGIEEIERE. )

ASCAERIX = AR SR AT R BRI, X B 7 R AN RIS 0, = AN B0l SR AR AT 738 S e b (1 VP A &5
Bo WE 1w, ATLUERITIEW—FER, £ CMU & &t _Eff) PER {5/ WER {H#4KT NetTalk
HAGEF Pronlex FHEAE, RIUILAIERET CMU ki .

Table 1. Results on CMUDict, NetTalk, and Pronlex
& 1. £ CMUDict, NetTalk 1 Pronlex FRIZER

LGRS A PER (%) WER (%)
Joint sequence model [13] 5.88 24.53
CMUDict Bi-directional LSTM [14] 5.45 23.55
Transformer 4 x 4 [5] 5.23 22.1
Joint sequence model [13] 8.26 33.67
NetTalk Bi-directional LSTM [14] 7.83 30.77
Transformer 4 x 4 [5] 6.87 29.82
Pronlex Joint sequence model [13] 6.78 27.33
Bi-directional LSTM [14] 6.51 26.69

XFEiE A HE, SIGMORPHON 2021 G2P AL45[15]7EK H T 4838 /RS & HiE e 4 F IS
FIRNEE IR, HE2XHNNEIHRET Transformer A _FPRAERT, SR IFEA LLAE SIGMORPHON 2021
G2P 145 LA PTG Ktk, ASSCHF 7% SIGMORPHON 2021 G2P AR 45 /R i shiE . HABSE 317 Hds
7.

SIGMORPHON 2021 G2P (£ &8 A 1 557 B xt F T2k, S0uEAiiat, ARSI 1000 2%
Ptk HEAT — WO ARG, BEE B 4R PER E PSR BRI 0.1%% 4, WER {E PR IR K 0.4% 7
fis HiBEIEER PER {H I ERFEMK 0.05% 7547, WER {E PRI ER G 0.15% /5 47 . BB Him S48 o
THEE 4300 ScE AT, HIESGRERIN T HOE 1 A EE AR, PeR R ROR R E, FE nAE
HfiE, PER {E A1 WER B AS & S 48

DRI 78 1 4300 26508 0 R TR SR AR F09 78 1 1 J5 588t () HERARE S T A ST 7t . 3¢
BR[ 1615 2R 5 [ 35 35 775 70 N B8 45, a0, 7Hd— 2 b 1 b o, AT RUR 35 R {IRER T ) WER A1 PER.
BRI A S A hangul-jamo K BHE KR 48 K& 5 F 15 0 8N 58 T4
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3.2.1. BEREILE

AR R T K 22 B i FH RELU B0 B4, 171 A SCR A GELU B0 B 80 Kt F (D) ) »
RICAERT HE T AR IR P A EOE BB &R, Transformer 4 x 4 (4 ANgwAd S8R0 fR D 2% 2 B2 = Finis &
") PER {E 1 WER {fi, #£% 2 A[LLE ], RELU Bu& KK+ T # PER {EH1 WER {EAHE RELU 3#0&
PREHA TR, A P BBt TR 4.

GELU (x) = 0.5%(1+ tanh (\2/7 (x +0.044715x" ) )

Table 2. Results on RELU and GELU
2 2. #£ RELU #1 GELU EHIZER

R W R E PER (%) WER (%)
RELU 5.65 23.58
Foif
GELU 5.46 21.91
RELU 2.82 17.13
g
GELU 2.74 16.80
RELU 1.65 6.45
Hi&
GELU 1.58 6.20

3.22. BRSHIGE

MR IR KRS HOR B a17% 3 Fion e ARSCHEF T = Transformer 2244, HAf 3 ANmidas M08 )2
(7E N CH#R AN Transformer 3 x 3), 4 ML s RIS ES Z(E R CHFRAN Transformer 4 x 4), 5 P midas
RSS2 (T N SCH RN Transformer 5 x 5)o ANAEFT AR HIE AR ERA T h=4 FTERE, Q.
K F1V EAHIFEN d, 4550 b o= d, = d = 128 Al do/h = 32 BEALIZRI 10 4 2% oR 02 28 SO
% % (Cross Entropy Loss), i FHIHEA6E% )y Adam, HEAT T B {87 FF 48 22 5 0 Sy 44 22 (beamsearch), T

i (beamsize) % B N 5.

Table 3. Model parameters
F 3. EESY

¥ HfH

i 2% 2 4L 3/4/5

o 2 R 3/4/5
Dropout 0.2
Batch size 256

E s 0.001
RRLES 0.1
E2SEN - WAlIP 4
RN 2 BT R 512
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33. SEMERR T

3.3.1. W ERR
VEREFRAR A THT, {3 35 22 4 1 26 (PER) R B Al £ R 2 (WER) R VTl SCARS A L1 G2P HEAL ) )it &2
HRERE: HTNETNNERTISSHEERZAMNESRUSEE RIS R, WEE
BS(BFRA Levenshtein FE B[ 17]) @& — N7 BIH 454 5 — N F 1T D) THBR(D) A #(S) I 5/
HE, T CUEN BRI TSR . RS A b — A R 2 AR, M S g ik
] Levenshtein ¥ B #5 /NS . BIRAT IR 2 REHR MOSCRRR DU 1 8 K, U E TN R 35 51T
i 2% K E UL A #6417 115 . WER #1 PER BRI, AR MERE IR LT

3.3.2. SRR

WGBEAL S, FENHAEOE S EdE T . X = EEEE ERWM AR TR 4. B—FEoR 7 iEM
I, B ZBRIEE =31 00 il o 7 EE SRS F AR R B8, R 51 73 ) 7 | PER B A1 WER 1H.
HIZE R LG, 7E Transformer 4 x 4 220N, =/MEFERBECOREAF, TIR7E PER {HiL /& WER {8
J7 THI#RAIC T Transformer 3 x 3. {H 2 [FIAF AT LA 23900 9 RS 25 FE AR PE RE 2D A 19 3 203, Transformer
5 x 5 f5A N PER {641 WER & T Transformer 4 x 4 -2 [t Transformer 3 x 3 i85, XA HE& K 1Y
g gt 2% = 1 BrE 2 SEE 2 I 4 S 4.

Table 4. The PERs and WERs using Transformer model in three languages
F 4. ZMBMEMH TER Transformer A4 PER F1 WER

L Hiffatk fHRY PER (%) WER (%)
Transformer 3 x 3 5.56 22.98
iR CMUDict Transformer 4 x 4 5.46 21.91
Transformer 5x 5 5.63 23.73
Transformer 3% 3 2.96 18.27
i SIGMORPHON 2021 G2P $#z 4" 78 Transformer 4 x 4 2.74 16.80
Transformer 5 x 5 3.16 18.60
Transformer 3 x 3 1.63 6.55
Hif SIGMORPHON 2021 G2P ¥(#fz4 78 Transformer 4 x 4 1.58 6.20
Transformer 5 x 5 1.65 6.75

3.3.3. XRERIH

ASOKGAE SCARAE IR A %A N 3T Transformer 4 x 4 FIFEAE CMUDict 4l 45 LS5 R 5 B —iBFh
S5E T HAMIR BE S SI AR AE CMUDict 04 48 B2 RghAT 1 L. e 5 fos, S —Fl5oR 7 i
BRI 76, B A M =515 3 o T PER {EA WER {H.

R EL, E8 XIRESM T Transformer 4 x 4 FIREAIE PER {EAH EL B —iBFp 4644 F A9
Transformer 4 x 4 FJ#EAL[) PER E Ry, (HA2#CT P0G R FHART B2, TXREFM4T
f*) Transformer 4 x 4 8] WER R #IK T 5 — 18 F0 25 1 T VR BE % S AL 1) WER fH. X2 FUNTERS
XOREG KA NEACN T HIF &N ZFIE S, N TEZMIES 75 i MR A T dcr, o
DAFERE Y 58— S 4G S5 R H A [
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Table 5. Results on the CMUDict dataset
%= 5. £ CMUDict #iE&E LR

Jrik: PER (%) WER (%)
Encoder-decoder LSTM [14] 7.63 28.61
Joint sequence model [13] 5.88 24.53
Joint maximum entropy (ME) n-gram model [18] 5.90 24.70
End-to-end CNN [19] 5.84 29.74
Encoder-decoder LSTM with attention [19] 5.68 28.44
Transformer 4 x 4 [5] 5.23 22.10
Transformer 4 x 4 5.46 2191

ASORAESOARAE ARG AT T I Z 15T — 15 A5 BT Transformer 4 x 4 J7ARI 25 R3EAT T X EE,
W 6 From. S—FIRoR TR, 5 5 8R 7T EX L sdE s, =38R 7T Ex L
HIZEAEe RIARPIZII B SR T PER fHAT WER {H. 45 RATLAE M, X T#iE L HIERD, £ RS
AN DA RO B R SR EAT B4R 78 )5 , Transformer 4 x 4 #8518 /E PER {HiE /& WER {H 77 [ #C T —
VEA, U AT T 2 1B AR A R B A R R .

Table 6. The PERs and WERs in cross-mixed and monolingual conditions

< 6. XREAMEB—IBMEMHTH PER A1 WER

B Ve S A PER (%) WER (%)
s CMUDict il 5.23 22.1
TXIRE 5.46 21.91
E SIGMORPHON 2021 G2P B iEFp 3.29 18.87
" SIGMORPHON 2021 G2P ¥(i24™ % R 274 16.8
o SIGMORPHON 2021 G2P H—iERp 1.99 7.9
K SIGMORPHON 2021 G2P ¥(i24™ % R 1.43 5.8
4. 4ig

TEATCH, BEFL T Transformer ZERITESCAA SR A KA FZIEMEE. H, 87 &k, B
PERE 7 5 25T Transformer 2R [ FL— 35 Fh (1) 7 A AT T AL X T ANEJZ 2L Transformer 4514, 7£
CMUDict PA S SIGMORPHON 2021 <& #4455 1 1 H A e 00479 70 J i o 4R kA7 525, i
I PPl PER il WER, Transformer 4 x 4 ZERJRIBIAER G BAFITERE o 7E XA SR G KM T, T
Transformer 4 x 4 2298, H . B8 /e & AR A R AR 2 )7 1555 T Transformer 4 x 4 42
M, By 3 =ANE S BR— B A LB OORFRAK T o A SCHIBE SN 2 15 FhE & A B i & DL 2145
Pl 3 A i) SE F PR O T 6 R S TEASRIGAFE b, W DASEIG S £ (B R, A B o5 215 R

EE.
ELmAB

R EO R 2 B 1o R B2 4, bR T R I 5 Bh(KM202110015003), b5 BRI 22 e A 2R Hi
8170 H (Eb202103).
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