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Mixure Density Network—Based Hmong Language Text—to—Speech Method
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Abstract: The research on Hmong language text—to—speech is of great significance for the inheritance, protection, and development of ethnic
culture. In response to the problems of missing text, lack of electronic resources, and difficulty in obtaining data for Hmong language , a mix-
ure density network—based Hmong language speech synthesis method is proposed. This method learns the alignment between text and speech
based on duration, addressing issues such as missing words and repetitions that may occur during alignment learning with attention mecha-
nism. The mix density network is used to extract the real duration of the text and jointly trained with the duration predictor, eliminating the
need for additional external aligners or autoregressive models to guide alignment learning, simplifying the complexity of model training. Using
the self-built Hmong language text—to—speech corpus, Hmong_data, as the benchmark data, comparative experiments are conducted with ad-
vanced methods. The experimental results shows that the proposed method achieves an average opinion score of 3.89, which is a 0.41 improve-
ment over the Tacotron2 method. The generated alignment graphs are clearer and smoother, and the synthesized speech is considered under-
standable and correct.
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Table 1 Statistical information of Hmong text corpus
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Table 2 Vocal vowels of Hmong language
®2 HIEEWH
Rkt iEhes

b, p, m, hm, f, hf, w, d, t, n, hn,

i, e, a, o, u, ai, ei, ia, io, ie, iu,
dl, hl, 1, z, ¢, s, hs, r, j, q, x, hx, ang, en, ong, in, iang, iong, ee, ao,

y, g, k, ng, v, hv, gh, kh, h

iee, iao, ui, ua , uai, un,uang
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Fig.1 Framework of MHTTS model
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Fig.2 Submodules of MHTTS
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Table 5 MOS score results of different methods
x5 FEFEHMOSIESLER

TEE NIMLHIB . Tacotron 5 Tacotron2 [ MOS 43 1)
4 3.04 F13.48 , MHTTS ) MOS 2y 3.89, % Hif 4 7 43 Bl 42 /=
T 0.85F10.41, W% J7 ik & MU B AT AL | SRR
AL, H 5 B A0E & M MOS AN AT 0.51 Z 2, iU
ANFEHIRCR
4.3 AREFETN S

W43 B MHTTS B A R0, X [6] 5 2 T 4 A
IR T R R B X6t 55 LA T T Ak o 11 3 S A ) ik it
B AR5 ], Tacotron ( JLIE 3(b) ) # Tacotron2 (WL 3(c))
T F14 A 2R 3 P P o0 i S LSRR S I (UL 3 ()
2B WS ZRAE R 43 R, 1] 3(d) BT 75 MHTTS il
{14 A 7R i PR T 42 3 LA /R BT . BT 4 S OR T A% T IR TE
D I 272 2] B 1 SCA P 31 55 Mg 7R 33 J&1 ] 6 RSG5
Tacotron( WL 4(a) ) A1 Tacotron2 ( WL 4 (b)) P Fh 5 i r= A
FR X6 55 AR L, MHTTS 7 2 2] 21 G- 38 3 M7 A 00 5 (1 4
(c)), Z2 W] MHTTS fil 55 6 1 A2 57 SO 5 2 (Rl A X 5%
AT G B B g P L T B T

100
Frames

(b)  Tacotron predicted Mel-spectrogram
(b)  Tacotron TN A/ 3 4]

100 200 300
Frames

(d)  MHTTS predicted Mel-spectrogram
(d)  MHTTS SR

Fig. 3 Prediction of Mel-spectrogram features
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