Chapter 13

Speech Synthesis
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— Text-to-Speech
— Concept-to-Speech
— Intention-to-Speech
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— Single inventory: diphone synthesis [moulines; '90]
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Table 16.4 Unit types in English assuming a phone set of 42 phonemes. Longer units produce
higher quality at the expense of more storage. The number of units is generally below the abso-
lute maximum in theory: i.c.. out of the 42° = 74.088 possible triphones. only about 30.000

oceur in practice.

Unit length Unit type #Units Quality

Short Phoneme 42 Low
Diphone ~1500
Triphone ~30K
Demusyllable ~2000
Syllable ~11K

. Word 100K-1.5M ¥

Phrase oo

Long Sentence o0 High
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Figure 16.6 Tradeoff between unit and transition costs.
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vowel semivowel nasal | obstruent /M
o HET RIS R vowel 10,000 | 10.000 7500 | 10 NA
. %ﬁ$ﬁ5 }Jﬁﬂj\[u E *ﬁ%ﬁﬁg % semivowel 10,000 | 7500 7500 | 10 NA
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— Proposed in mid-"90s, becomes popular since mid-"00s
— Large data + automatic training
= Automatic voice building
— Source-filter model + statistical acoustic model
= Flexible to change its voice characteristics
— HMM as its statistical acoustic model
= HMM-based speech synthesis (HTS) [Yoshimura; *99]
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Manual labeling
Text Text analysis
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ID of current/ surrounding phoneme
Tones of current/surrounding syllables

# of phonemes at current/ surrounding
syllable

Position of current syllable in current word

XX-sil+|/A
sil-l+ian/A:XX_2@1/B:SH_H@HS$H#A/C:8_8@1$1#1/D:3_3@1/V:0_1@130
l-ian+h/A:XX_2@1/B:SH_H@HS$H#A/C:8_8@1$1#1/D:3_3@1/V:1_1@0%0
ian-h+e/A:2_1@2/B:WM_M@HS$HH#A/C:8_8@1$1#1/D:3_3@1/V:1_0@1$0
h-e+g/A:2_1@2/B:WM_M@HS$HH#A/C:8_8@1$1#1/D:3_3@1/V:0_1@030
e-g+uo/A:1_2@4/B:WT_T@HSH#A/C:8_8@1$1#1/D:3_3@1/V:1_0@1$0
g-uo+m/A:1_2@4/B:WT_T@HSHH#A/C:8_8@1$1#1/D:3_3@1/V:0_1@1$0

Context features of each phoneme

Context-dependent phonemes




Softwares

HTS: Toolkit for HMM-based speech synthesis
— Web: http://hts.sp.nitech.ac.jp/

— Research platform for HMM-based speech
synthesis

— Released as a patch code for HTK

— Speaker dependent (SD) / adaptation (SA) demo
scripts


http://hts.sp.nitech.ac.jp/
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Griffin-Lim reconstruction

Linear-scals
spacirogram

| SeqZseqtarget
! owith =3

Attention is applied

| Pre-net iz all decoder steps h '
1 | Prenet | i Prenst | | Prenet |
Character EFI‘IbEddIFIgE <30 fama

TacotronF 1Y 45 §4) [wang 2017]
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