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T & % R4 (grapheme-to-phoneme conversion, G2P) 75 1 & £ AR 4 del & ¥ %5 B BAEH . HA R
JE R T2 (7R DUFAE) TS G ={ g1, gon -, g ) BN E R VFH P={p1. pos ++. pu)
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CNN"', Transformer " . T 4F 3k , [F PRAF 57 B M2 T B R I 2 b 800 KO8 5 8 R e IR 3 ROE 5 G2P
55 i g 2
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Transformer BRI G| A 51 3C G2P {155  ME N LRI, B 4 RERIOX N 52 EE 24 & RE Y
T I E M R fE R, R IR 2T #1245 GBERT (grapheme BERT , GBERT) 81 71 52 15 i G2P 114511
PERE R .
1 7
1.1 Transformer G2P

Transformer 2% FH S B () 25 05 25 f 05 85 2240, W& 1 s g o it Z 3k w2 hbldl (| 2) 5
LSTM " A9 B S AL A b, BT 4R = 38 (1) 80 3545 1k 7 25 0] 2 A5 4 2 22 4 1 F SO, i
T YNGR IERR 5 (2) SRVF 7 50 AT R S 7 B S R AR, T A R B ARG R (3)
W5 A A% 5 BN G F23 ), B AN Sk vl L2 2 9 56 TR i AP 0 B9 S [] 10T, (o 45455 780 o) i A 1) L i B
AT ARA B BT RIERE S . BT LR E % Transformer 28 #1E & Ab ¥R 52 18 22 B
T REEH

Softmax

*

Linear

iﬁ’k N: Number of decoders
> E—L.‘ 4

Add&Normalization
N: Number of encoders

\| Add&Normalization

Dropout
Dropout Feed forward
Feed forward » Multi-head attention

Multi-head attention S Masked Multi-head

| Attention
£ f
Positional Encoding Positional Encoding
Input Output

[/ 1 Transformer H 454 &

Fig.1 The framework of the Transformer
1.2 GBERT &R Transformer By G2P
3% BERT Ji & B4 7 Z A (GBERT) E SIGMORPHON 2021 4457 it fr Pk ik vE 9 4 Fh
W (far 2238 FE R 480 - 50 & M 3 ORI R 1 A

SEIE)HEAT T 908, 45 R, F GBERT M G2P T T

15 M e Y 0 T Transformer 3k 26 A B 0 AH & T

Transformer B8, %7 W S 11 WoB 2% T L, e drollery GBERT

AR B 5Tl SCCA | B2 2] FER T R B R TTTTTTTT
M G R, 0 T AR R R A A v i B PT R AR 4R dr 1ty

BARRL X — R A T 0 ¢ G2P WF 5 O Bl 2 M Z W% GBERT %

1) HECH 8 R [ = MR Fig.2 The case of masked grapheme pre—training GBERT

1.2.1 GBERT #iill% GBERT X — N4k K T

BERT'"™, Hidii A BAoC £ 48 BERT %18 7t (wordpiece ) 5 51 I %% & BAia] N 0 #4551 . GBERT fif
I Transformer & A% # 38 528 B[] e A S 90 F 8 SR, Wil 2 fros o B T7E T E G2P AT 55 /0 i A GG ¢
R SR W) AT Y, SR sk S S8 55 00 B B A A 25 5 SR T Bl A HE AT SR < X A AT S e
80 HYHERIAT "R 1020 MY BEAL AT LA M 1020 MR AR OR o

1.2.2 Fine-tuning A3H GBERT S5#A Transformer-G2P HEZL @l A, A PR E . 28 —Fp
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7 15 R F G 5 g R SR W, LR TR R AN OB B (1) 2R MR AE WIS GBERT 4 % #5 5
fili b, B 34 BE AL W) 4R A 1) Transformer fiff A% 25 A B | 44 2 58 5 10 17 51 20 7 50 2844 o (2) B A U1 2 < 3 3l o
20 i 0t Ak 5] A5 T 3 2 A 2% 5 0 0 2 2 8, L v g B 2 SR FH A I 2 ST R Gl 180 B O D 2 2 2T SR Y
10%~20% ) LA A4 B8 T 25 AR o (3) FAF AL 33 « 2 A% 25 i 11 00 1 SC 1) 28 20 B B2 v 8 1 Lo 5 i
S H B A B AR RPN o % R ST T i 25 Ak i 2 S R $ | BE Rk 7T 4 R R I 2k
PR RAERE ), )REA RGE Y. G2P 1155 1Y & R L4tk o

1.2.3 Fusing GBERT 2 A EM ik Zhu 4 & 3 izs o 7E Transformer [ 2 5% 2% -
fift A i J22 G 45 0 4y Bl A RTJET 9 GBERT 1 & 1Bt (GBERT-Enc/GBERT-Dec) . 15 =4~
KA (D) B BAS E RE 1 58 ., A g 0 2 38 0k 22 3K 7 2 ML 7 AR i A R 1E S GBERT 4 fd
B ) B AS OCHE s (2) T4 Rl A AL 76 M i 2 3 B T U 2k T3 AR, H & Y IR 5 GBERT A R 1E
5T 55 R e RAFMAF BRL A H B 5 (3) 5% 228 B0 A0 , B2 98K 25 1 12 00 PR B 5 A 30L& | TR) I 4% fit
2 W 4538 A0 n) A0 5k b 43 2 38 5 ML o) AS S0 S B0 T 90 2 e %) o 1 Xk 0 T 0 S R OR g
(AN 2 3 186 A e ) WY St 5 TP B AR (34 D G 3, o A S 1 i 48 1 %) ) Bl i e 1 4% 46 Bl 0 3k T RE B 1 %2 1)
KM SIS

phoneme sequence

I
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1
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Feed forward i

Lx | encoder |-_____________'
Layer  \ dd&Norm <€----+ Add&Norm <€ ------- :

1
A | | |
1
Feed forward i Drop net !
] S _— — !
GBERT-Dec Enc-Dec !
Add&Norm <€------ T JeT—— Attention !
1
4 : 144 XX
Drop net ' Feme -
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1
GBERT-ENC Self ! A !
Attention Attention 1 Self !
A A A Attention |
? ¢ L_I H t A f :
BERT — ===
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B 3 GBERT gitA 850 1) &5 4
Fig. 3 The architecture of GBERT -fused model
W ANFS o B GBERT 44 it H,= GBERT(x), H, /& GBERT #J5— 2 it o %t T
Transformer i #% , 55 [ )2 REERR N H L BTN N BITHES (RN R R R AL S L2
([e[ L), (1) ¥ GBERT i a1 & S ALHI 4 1 3 0 i 25 .
55:%<Attnl’)(hiil9 H(}’ H(})+Attn8(h-zl'71’ Hlil, Hlil))& (1)

Horfr Attng QR G0 2% [ 5B B (18] 3 S 2% 45 T &4y ) , Atn, {0 GBERT-Enc & 1 #
Be(Pd 3 g 28 2 F AR (M) o Al PR BT RO Z% FNN () 5205 L2005 il Hio 783X — i f b i
B S HLEILE S b 28 1 B — 2 HBAE & 0 ) GBERT %t i3 B B B H S A SRR .

%t F Transformer (905 #% 45 [ JZAE R 0] 25 ¢ 2 B B BROBCIR 2500 2 ST, = (sty sh, ooy st ) B /
J2, et 5= Atng(sl, S50, S5 ), i@ R (2) 1B BIE A R

i= %( Attng(5 He, He )+ Atng (S, HL HY) ), (2)

Hr Attng, /& GBERT-Dec #H (F 3 S as £ h 4t (4 ) , Attng J&Enc — Dec Attention £ (& 3 % 4%
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Hhg) . 5 4ok FEN(S) 45 3 sl it &0l aof 26 1k 48 e fl softmax 15 2] i % £ . X i 15

Transformer fi# i s 76 4= 1 2 7 'JHTJ‘EIU%Q' GBERT 15 B LA K 2 i % 14 4 1, 50 4 b 77 8 2R
e .

o B i 5 M i 4% AR SR H drop net B By 1k 0 26 2o B AR it — b 3 i ) AN ,\ﬁi%ﬁg‘jﬂﬁ:lﬂl Yk

i AR B XA A — 2 DA — A TS E B drop net R P, €0, 1] A FEaE VAT EAE . 7E B W

AT, N0, 1P ) RAE— A BENLS B U’ LT 28 i3 0, BT A 89 Al 248 U s

JeRFIE. M U ST AR Attngs % U1 R R At % 1

U'<1— 2‘ B, RIS B Attng FT Attngo

2 ERBt

2.1 HiE&E

A5 3 F 5 1 R ) SR A R O A B R = A M B 2 — %1 O SR T Unicode 4w %
(4% G5 52 7t SR (CAne) L 55 =31 o 52 7ty SCREE O W I B B TR (I aijam) |, 58 =40 O [ bR bR bR
B R T SO BB A0 (A0 [aedzmm |) o MR 52 7 & o Al A 3 04 5] 25 079 XS SO T
P LL R TR T . N TF RS RZE MBS R, b5l S0k 7 I — R pL s vT i
307, 2% CMUdict BT T A7 5 Btk &R, 003 10 R FH R 3034 e 6w b A7 45408 4 3l 4, 21 318 6l
(85%) HIE VI 24 , 1 253 Bl (5% ) FIYE S E4E , 2 508 i (10 %) HIVE it 4 .

F1 FHXEFEHSHHE
Tab.1 Mongolian phoneme-symbol mapping table
%A TR 55 ey HR 15
i] [oi] [vi] [vee] [uvai] [0i] AT.OI.UI,UAE UAI.OY .
ui] [ia] [ie] [ia] [iu] [io] [iu] UWIY.IA.IE.IO.IU . IW .
val [ie] [ou] [a1] [ie] [ue] IYUW ., UA.IQ.OU., AY.
av][o7] IYEH . UWAH AU ELR

ail

lal[] [o1[] [ AA. AE, AH, IY., IH, %
woeE (o] [ee] [v] [v] AOOE.UH.UW OW .| Z&I0H [
[o][ully]lle]l] UW.Y.EY.Z [

o] [i] [e] AL.EL.IL.IX.

[a:]
. —. Lo [u] [o] [w] OL. UL, OWL., UU, . L o .
Kot H ler] Lol [ee] [o:] EH.AX.ER.OA . R B T a.,5.9.0 AS.OS.ES.OWS
[y:] [v:][1:] YL .SL.ZL
[n] [o] [b] [p] N.NG.B.P, ;
s B o) [m] 1) KHLG ML, (i Eﬁj[“] ALl E KL TS, D7 L DA,
Ols100 [ [d] [4] S.SH.T.D. e
[dz][1[r][w]  CH.JH.J.R\W AL Al [nj] [13] [xj] [g]] NY.LY.XY.GS

2.2 &L iE

FH DI 25 A4 3 09 R 18 2 — 53538 T Intel(R) Xeon(R) Silver 4314 CPU@?2. 40 GHz 4k B 2% i iR
%% IR 55 2R ERIC 45 T 4 Bt NVIDIA GeForce RTX 3090 GPU - (538 i R 45 24 GB BAF).

B R G VEE Transformer 75 %2 1 30 G2P 145 F AP fE , X ¢ B R fic B T BV Al sC 06 L2
RIS 3 )2 b 2% — i i w20 by BRI 4 B o =256, Fil 15 W 2% B ik J2 46 1 =256, 23k J1 3k 3
h=4, 1E T £k % & dropout=0. 2", Z B8 #3680 % 2. 78 W NVIDIA RTX 3090 GPU (24 GB
GDDR6X) | 52t 43 A I 25, ] Adam D0k & 5B A BU AL ER , 2 2] JRAE I #o4 0. 001, Il 2 ik

@ Carnegie Mellon University. Carnegie Mellon University Pronouncing Dictionary. Pittsburgh: Carnegie Mellon University, 2011. http://

www. speech. cs. emu. edu/cgi~bin/cmudict.
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2| 400 J& IR 2 1k 25 o

XF 3T GBERT ) G2P BRI Zhid 72, & SR 2006 A5 L i 4f & 7 2 i I 2R S 76 AR [R]
i 45 #% Ll 25 400 F30 . Sk A% b 55 S50 44, 5 ) Transformer #5589 (1) [7] — £ 54 95 4 K 43 HE 1) 12
FHF B S B0 B, 7E W RTX 3090 A5 % % GBERT 20 S HEA7 ol S5 1R A 11 2k, ¥ 52 8248 400 epoch,
LA 8 R 5 SC G2P AR 55 LBtk 22 7. SRE AR B0 0 5 i 3178 S 804k , S50 B3l
Pl UL 3 A4 v VRA 5 A, T R S 56 7 125 R il beam search ™48 R F L

*£3 ETF GBERT BEWII%4SHAZETEE

%* 2 Transformer EI &S Tab.3 Training parameter adjustment range
Tab.2 Training parameters of Transformer based on GBERT model
2 Bl 2 gl
2 2 )2 2K 3/4/5 GBEERT # %% 15%/20%/30%
e B e J 2% K 3/4/5 2 % 45 AR A e J 2 3/4/5
RT3 I 4% 2= 2 12 256/512/1 024 HT 5% I 285 I 2 A 256/512/1 024
Dropout 0.2 Dropout 0.1/0.2/0.3
(eSS 0.001 E Rk 0.000 5/0.001/0.000 1
TEE R M 4 GBERT 445 0/1

3 ERHERE SN

3.1 AR
ARG AE ] G2P AT 55 i B9 18 45 iR 2R (word error rate, WER) 1% £ 48 1% % (phoneme error
rate, PER) PFA% $8 F5 V- 0 455 80 A M 66, 1) 485 1% K (WER) 2 48 Sl Y &% R 91 52 % & % A5 VL B
R E S YRR A
N

RWE:%X:lOO%’ (3)

words

Hodt ) N, 2 FIUI () 35 BP9 5 2% K35 17 5 2 [0 58 42 VE L () S im) B0, N0 02 2 7% K35 Y BRI
S, WER SRR B0 H & RIT 552 % &5 )7 50 26 58 JZ2 1 B ASTCECIE O, LA 4 BB X3R4
PR, WER ML, 2 B 2 G0 78 1)1 )2 b A o o 1 s

HRIRF(PEREN G2P ARG MEREVEAG 19 2 AL 45 b5 , BLIS IR 15 & 153 4008k 1) 75 371 % 5% 372
HAF o R & 275 52 % 8% 2 )7 51 0 fe /N S 55 B 2 (minimum edit distance, MED) , 1 F§
Levenshtein #1552 % 75 K & IH— L LLE'", R A

_ D(Pprcd’PrcI) (4)
Nre[ '

Ho P TR E 3 RPN, P AL RIRIEN S % H ZF,D( P, P.) H¥ET Levenshtein
PE 2S04 B VE PR, N RN S E RIT AN MK EE . 3% pR B0HE i 3l 248 8000 3503 31 58 52 3% 8 % 5% BT
1 S5 /N g A VR OB, o 3 — R AR PR AT PER RBA%E F A [AHK B 19 & 27 510014l .
3.2 Transformer LG E R K 5B LERIXT L o

e F Transformer B ) SZ0G 25 P UL SR 4, #4K |, 3 EBEAAE dy=1 024 B3k 2 A0 38 5 12 R
(WER 2} 13. 64 %) Fl & R R R (PER iy 3.47%) , 3¢ WA B 1Y )2 504 & T8 R 1% T i 0 4% A4 5 /g A AR
WS CE R R M., 5 ERABALE d,—=1 024 if PER ¥ — LMK E 3.44% ,/H WER B 7} =
13.68% ., s 0 2% 4 5 (9 32 7 (T )N 256 3428 1 024) %) 3 J2H1 5 2B L0l i (B 7E 4 2R vh iz
M PR, RAZHSEEN P ECER, LRIAKEN, BRI EY RN 5 2+ 1024 45)
FREIE T R E AR LT 3 )21 024 4EEAE WER FIHF 5 4504 a) 55 2L 52 FH 4

PE
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A ST 0 9 2 TR 2 B T A 9 A £1 BT Trnslomer WRBER

7l (joint—sequence model) 152 1 3 G2P %% Tab.4 Experimental results based on Transformer

WMRG . WTEEd Sequitur G2P( 3 FBE Num layers dy Numheads WER/Y% PER/%

BIFFIBUN G2P) , JAE R W BUH B ST 9 ; o L e

C o R RS O.

M B (1) s Sop okt Bt g >

PERE B0 UL 3% 5 . 3 o B X b & B 3 1024 4 13.64 3.47

Transformer 15 A 4 T i B 1% 58 5k & 77 51 15 4 256 4 14.00 4.05

07 i, Tt A B L 52 B 5 A A 4 512 4 1435 3

T A SRR IR 3ok 01 K R A1 AL O ! toz ) S

B . e BT RS SC 60 R R T i 20 : B
) -, - ) 5 512 4 14.27 3.65

Transformer i 1 4 Js 1 &) LR, W] 4 4% 5 1024 4 13.68 344

TR AR AR R AR Ty s s pon s s L e 0 B AL A . F L
TR B R E A, 3 JE Transformer(d,=
1024) AL EHE .
3.3 EF GBERT #RLWLER

GBERT Fiill A5 8 25 ¥y 8 2 50 &~ 6 )2 Transformer, B2 248 B 0 256, 2 I SL B0k 4,
BB JZ O 4E N 1024, VI ZRBC B 253 K/ A 1024 CB6 B Bit) , 1%k 400 FE, 24 > WA+ 20, 1E
AL Dropout=0. 1, br 2 V- (R E 0. 1), AL E L8, A [F] A RS L G JII ZR 45 2R WL 6. Toit 2 I 25
AR I I o AR VR 3 34 A A i R A TR T b T, e YO 2 I i b 4] T g s AR RN Sl S R 1 b
FOCHERERE ) A A B TS TR AR RS L 2000 A HERROR T g R AR HERR AN 62. 1200,

x5 ETF Sequitur G2P R ER
Tab.5 Results based on Sequitur G2P model

Model The test set The train set
ode WER/% PER/% WER/% PER/%

Model order 6 16.4 3.4 4.1 0.8

Model order 7 16.4 3.4 3.4 0.7

Model order 8 16.3 3.6 3.3 0.7

Model order 9 16.3 3.2 2.9 0.5

Model order 10 16.3 3.2 2.9 0.5

Transformer(3,1 024,4) 13.6 3.5 3.4 1.2
55— Fh 5 ¥R M GBERT 119 4 it 5 BR U8 2 8000 B 5 1w A R 1 A 5 28 19 | S 80 & o 3 2

ey, Z R BRI KRBy 4, 00248 1024, %6 GBERT AWM FEMISERE
Dropout=0. 2., Il 28 = H0 & BT ATHLR K/ Tab.6 GBERT masked grapheme pre-training accuracy %
h 256 s T & R ﬁ‘}ﬁ HER KN R 1024 s I Ty 2% 1) 27 Mask ratio train mask acc valid mask acc
2% 0.000 03, 25 —Ff Jy il i i 2 ) ML 15 64.02 60.19
GBERT % i 8] & F Transformer i G2P & A | 20 64.86 62.12

%45 GBERT 2%, GBERT {3 /1 J2 9 Dropout

%Ry 0.5, Hnhid a5 il i &5 2 00 3, B2 4k BE 45 o 256, 1038 01 Sk Bl 4, B E e 1024,
Dropout=0. 2., %500 th 2= > 2% 0. 001, Il 2k S 56 YR 400 WK, 52 BRIl 2k 4L vk K/ 128, fi
Al Relu & % GELU fE h #% & & % .

Transformer %t 28 K5 % it & 545 — fh 5 B 0 *F7 ETF GBERT B G2P HEI KL R
" \ . Tab.7 Experi 1 results of G2P 1 bas GBERT
Transformer %%ﬁ@ﬂﬁ*ﬁ [E] , TJ” é}t]‘:}a,ﬁ)ﬁ j{] 400, ';E a xperimental results o model based on
Model WER/ % PER/%
W 2k n
%/H%JL‘%% 7o o Transformer 13.64 3.47
AR () 2R A8 B 4 HE 92580 R, GBERT GBERT fine-tuning 14.41 3.60

JERS R e G R S E R MERE R R RE GBERT attention 13.56 3.50
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GBERT ¥ & 7 #6780 38 5o B 4 52 FH B0)I0 2k B B 1) T 3 0 AR, 7 88 1001 40 5 38 At B T %) )
WER % 5& i 8 1 ( Transformer) B 0. 08% ,PER FFi5 T 0. 03 %, 2 BA FUUI 25 14 75 S WL X 52 o 3%
R KB LA EmEN . X —4RERAEZFNIE GPES T, BHETBREIIAEREN
B S HUOA B A 2. B X GBERT 158 BRI AT S 80000 |, 5250 25 3 W36 8.

®8 ETFGBERT FENEEYIWLER
Tab.8 Experimental results of GBERT attention

GBERT attention Transformer
Num layers i WER/ % PER/ % WER/ % PER/ Y

3 256 13.76 3.54 13.88 3.72
3 512 13.52 3.59 14.15 3.66
3 1024 13.56 3.5 13.64 3.47
4 256 13.60 3.45 14.00 4.05
4 512 13.76 3.55 14.35 3.71
4 1024 13.84 3.55 14.75 3.81
5 256 13.52 3.54 14.55 3.7

5 512 13.72 3.49 14.27 3.65
5 1024 13.72 3.45 13.68 3.44

M 8 AI A, FF GBERT & 1 WL B9 B8 78 52y 3C G2P AT 55 AR T Hr i Transformer 28
A, 0 A R 2 X 4% v i B O A R L MR 2RO 3 2R & 5 2, GBERT 2 S AR (1) in)
ERCR (WER) I Z 4512 K (PER) I s Bl B /N F Transformer, AN, GBERT v & 745 5 7 2 %0
BN R ERE N GEEY EYE—3 2 512 4t WER(13.52%) B A T Transformer(14.15%) , Ifi
5)2 1024 40 PER(3.45% )5 Transformer(3. 44 %6 ) B ARE -, 3¢ W) H 3@ 2o 1 88 F0)I 25 (918 = L1 g
N A ESFORELT W T SC M RE A, FEHR ST dropout 2% GBERT attention &8 P 52 i B, X)
AUECE (3,512, 4) HEATIH AL 00, 5 R D3k 9. LR 25 R W] dropout #EXT 51l 3C G2P i PEae A
& 2 A, HAR dropout (0. 1) R

Fz 9 dropout 3R M BE &M A UG 45 R
Ao X dropout KM 0.1 3= 0.3 pou BER

Tab.9 Experimental results on the impact of dropout on model performance

I, DR 12,8400 B8 1T & dropout WER/ % PER/%
14.39% , B R 1R B 3.22% W E 0.1 12.84 3.22
3. 816, S W th ek 7 1) 1 ) Al 25 458 02 12 5o
B L 0.3 14.39 3.81
PR Y 27 > BE

DL b S22 SR 3R 0l o B0 2R AT SRR TR FHIR R IR S G2P AT 55 ny R A
AR BE T A BE 0 2% T8 B2 B 4 B2 B ) 4 T, 5 AR AT 55 e 1 SR B I S HOIC R . XTI 52l 3
G2P 55 ML e R R B AL 2 + B R B AL & AR E H R B s 2 20 % . [EAEEr
S, 1F I A 5 B Y 15 TR 2l A 0k TC RO, RS A Y A i M A R R R ORS HEDC I . S B KA IR
S, ik B TE A (4N dropout™ 0. 2) 23 1 i F I 25 R0 TR 09 R 3k 18 8, R I 7 G0 B B >R HH 55 1F )4k 3R
i (dropout=<0. 1) .

4 H#

ARG B YO Transformer 13 T FYI 25 5 2 AR JA 5] A 5201 SC G2P F45e4T 55, i ik A 1)
ST ST R RN R AR R T AR G R 2 R g 2 R R A 0 4% o () 2 A R AR B R X
52 S0 G2P PEAERI S M . SEIG 45 LU, 5L T Transformer (BRI B I 4 R FI LRI T 16.3% , H A
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G2P Research on Mongolian Based on
Pre-trained Grapheme-to—Phoneme (G2P) Models

Shunyi, Sarengaowa, DONG Weijie

(College of Computer Science and Technology,Inner Mongolia Normal University, Hohhot 010022, China)

Abstract: To address the issue of limited generalization capability of G2P models in the low-resource language
environment of Mongolian, this study introduced the Transformer architecture along with pre—trained grapheme-based
models into the field of Mongolian grapheme-to—phoneme (G2P) conversion. By constructing a Mongolian grapheme-
phoneme alignment corpus, the study explored the impact mechanisms of encoder layer numbers and feed—forward network
dimensions on the performance of two types of models. Experimental results show that in the field of Mongolian G2P, the
Transformer model reduces the Word Error Rate (WER) from 16.3% in the traditional n—gram baseline model to
13.64%. The GBERT attention model further lowers the WER to 12.84%. The significance of this study is as follows:
(1) It is the first time that Transformer and pre-trained attention mechanism models have been applied to the Mongolian
G2P task. (2) A Mongolian grapheme-phoneme alignment corpus is constructed, providing data support for low-resource
Mongolian language research. (3) The impact patterns of model hyperparameters and regularization strategies on
performance are quantified, establishing reproducible experimental benchmarks. The research findings offer dual references
for theoretical methods and engineering practices in G2P tasks for Mongolian and other morphologically complex languages.

Key words: grapheme-to—phoneme conversion; attention mechanism; speech recognition; speech synthesis
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