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Abstract

Recent advances in text-to-speech (TTS) technology have significantly improved the quality of synthesized speech,
reaching a level where it can closely imitate natural human speech. Especially, TTS models offering various voice
characteristics and personalized speech, are widely utilized in fields such as artificial intelligence (Al) tutors, advertising,
and video dubbing. Accordingly, in this paper, we propose a one-shot multi-speaker TTS system that can ensure acoustic
diversity and synthesize personalized voice by generating speech using unseen target speakers’ utterances. The proposed
model integrates a speaker encoder into a TTS model consisting of the FastSpeech2 acoustic model and the HiFi-GAN
vocoder. The speaker encoder, based on the pre-trained RawNet3, extracts speaker-specific voice features. Furthermore,
the proposed approach not only includes an English one-shot multi-speaker TTS but also introduces a Korean one-shot
multi-speaker TTS. We evaluate naturalness and speaker similarity of the generated speech using objective and subjective
metrics. In the subjective evaluation, the proposed Korean one-shot multi-speaker TTS obtained naturalness mean opinion
score (NMOS) of 3.36 and similarity MOS (SMOS) of 3.16. The objective evaluation of the proposed English and Korean
one-shot multi-speaker TTS showed a prediction MOS (P-MOS) of 2.54 and 3.74, respectively. These results indicate that
the performance of our proposed model is improved over the baseline models in terms of both naturalness and speaker
similarity.

Keywords: speech synthesis, multi-speaker text-to-speech (TTS), speaker embedding, speaker adaptation, one-shot speech
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al., 2022; Kong et al., 2020; Ren et al., 2020).
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Figure 1. Proposed one-shot multi-speaker TTS model
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St odghs st 2 AFAM s 1Fd, YlFd, variance
adaptor® 7% FastSpeech2E 7| R @& Z-23HKRen et

al., 2020). 17+ phoneme embedding sequence s ] & S = ¥
o} phoneme hidden sequence = H$HsH= & &5 SFOH 11 2(a)].
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Table 1. Hyperparameters of acoustic model

Hyperparameter Value
Phoneme embedding dimension 256
Encoder layers 4
Encoder hidden 256
Encoder Conv1D kernel 9
Encoder Conv1D filter size 1,024
Encoder attention heads 2
Mel-spectrogram decoder layers 4
Mel-spectrogram decoder hidden 256
Mel-spectrogram decoder Conv1D kernel 9
Mel-spectrogram decoder Conv1D filter size 1,024
Mel-spectrogram decoder attention headers 2
Encoder / decoder dropout 0.1
Variance predictor Conv1D kernel 3
Variance predictor Conv1D filter size 256
Variance predictor dropout 0.5
Waveform decoder convolution blocks 30
Waveform decoder dilated Conv1D kernel size 3
Waveform decoder transposed Conv1D filter size 64
Waveform decoder skip channel Size 64
Batch size 32

B7¥sk7] Sls Al he] vl Es A skl Al He] Al
B2 FastSpeech2 2} Speaker ID, FastSpeech2$} GE2E loss 7|4t
$}A} 218 B9 FastSpeech2 £} ResNet347|RE 312} Q14] mHlo]
a1, ©]3= Z}Z} FastSpeech2+Speaker ID, FastSpeech2+GE2ESV,
FastSpeech2+ResNet34SEZ %7]313ith S8 Relg &= o 74
< FastSpeech2 X2} ato] # shepv|E] k& AHE-SFL L, B3
U 23 AR F9 % HiFi-GAN B30 5 58 43kl

Speaker IDv= A} 9HE Hol&& 7|WIO R 3t glom,
B4 A1) Q2e Yol thgE st gel ek
W2 oIt} GE2E loss 715E2] 3pA} 211 K E1Q] GE2ESV+= LSTM
5 7 5% TE2E(text-to-end-to-end) SV X 28 GE2E loss 7Rt
07 FHE 0 M generalization 5 &S 7413 B Elo] tKwon
et al., 2021). ResNet34 7|1} 312} 912] X219l ResNet34SE+ 3
ool Z1sk Aes 7H Al2~Kl0] 31, ResNet348} TDNN H.2
71HEE] G0t} o] RElS AERX Z3} 4719 residual B,
flatten %, angular prototypical <=1 8<%} vanilla softmax <=3}
5 A3sE ASP =, A8 F 0 7 A B tH(Kwon et al., 2021).

H) 3w B EE0] 814} Q1= B5 Voxceelebl, 2 HloJE{ Al S
Z AR e dolty o]edh st A AH 50 EY 2 B
spA} Qlee ol o, 242} skt IHld & 53 B /15T 9] &
<1, 256211 2] hidden phoneme sequence®l] Z+5=¢] T dlj =T}
322 A ED

A sk ANk T:]r@rx]' S5 Pl FastSpeech? w3 &
dl RawNet3 7]4F 312} 15U, HiFi-GAN H.IHZ A ATt
FastSpeech? &3 ¥ 2> phoneme embedding layer, 6712] FFT
S50 7 o]FF 917 H, variance adaptor, 6712] FFT 550 &
o|Hxl tat|® ¥t sl e} va 2ol A 2] FFT
EEL selfattention 53 1D ALBFAH S0 FAH o Qi)

ro

—

Variance adaptor U5-2] predictori= B -2 +30°] 1, 1D-A
EFM 253 Rel U, layer normalization, dropout = A3
F45]0] Ik, Aol ALEe £ wale) Sl sebvle]
742 3 19 AATSHSAT

312} Q171 Q1 RawNet3+= parameterized analytic filterbanks £}
Al 712] AFMS-Res2MP £, ID-Z1 554 57} ReLU &/ 5}
S, A B 2 454 B £9 F fully-connected T 0%

T3 ¥tk RawNet3 2] &2 256411 2] 3l ol o]t}

33. 37 A%

7 AE =M ds= 871871 S5t
o T2 FrF A ket AuA FrF A RE ST FaH
7} Z] 3= MOS(mean opinion score) S AHE-SI L, TN %
NMOS(naturalness mean opinion score), SMOS(similarity mean opinion
score) & AHE-3HATE A4 71 2] 2 &= P-MOS(prediction mean
opinion score), SECS(speaker embedding cosine similarity) S A&
BT, &3t t-SNE(t-distributed stochastic neighbor embedding) -
ggste], 92, v 2, AF 2dS B8 A S 7

]o]_ 1:1\:413] H—‘g—_@ oz

Yol A &3 Al AW S 221 T 3tol| A|ZHA o & A Ak
Stk
4. A3 A=
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SMOSE A}%S“E} NMOSt 8459
= A3%0] 3, SMOSE 53 k4] 573
Ao R S FARSE Bk LLE}
H7EEE 20004 soTh7bA o] A
o] Fofstalrt. £ T W sk T 5 2A %3}% 34
off Tk g0} A3k thabat 593 A, A7 F W= v
| ZH2E 435 4078 <l sl NMOS 9 SMOS 871 <1353
o} o] 2k 9| A% 73F 95%0 T3k gk AbEste] AlA BT
32+ o] S thebat 593wl ke v A

Of

{

ot} T F & spxle] tfjgk MOS Aol A At 2o st
‘5ol gk NMOS+= vl 2 el v} g 3558 U2 3.667% ©]
I, SMOS+3.978 0. 2 48 o 2% =2 F5E R

T F BA & sixpel| dist A B A R F
2 shAtel gist ISt Ak 0% vk A4 A E Kol
ARk AlRE Blo] A shab FAE SHolA TP &
ATE HAvhs HollA 22 A3AE vepditt o8 T3t
™, NMOSE &3l Al =2 9] /g 5o M A5 &
T 3, SMOSE F3ll st 8-S 7HE 2 Wkt gl
o 4= Tk
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Table 2. Subjective evaluation results of Korean one-shot multi-speaker TTS

Seen Unseen
[TTS+3h7h <l 3 H] = NMOS SMOS NMOS SMOS
Ground truth 4.34+0.06 4.72+0.02 4.32+0.04 4.72+0.02
FastSpeech2+Speaker ID 3.33+0.08 3.58+0.07 ND ND
FastSpeech2+GE2ESV 3.48+0.06 3.67+0.07 3.12+0.05 2.83+0.07
FastSpeech2+ResNet34SE 3.28+0.08 3.43+0.13 3.23+0.05 3.03+0.07
(Proposed)
FastSeech2-+RawNet3 3.66+0.06 3.97+0.04 3.36+0.04 3.16+0.04

TTS, text-to-speech; NMOS, naturalness mean opinion score; SMOS, similarity MOS; GE2E, generalized end-to-end; ND, not detected.

E R N EEL EEEE

%7} A7

Table 3. Objective evaluation results of one-shot multi-speaker TTS

English Korean
[TTS+3}AF I =] =ddl Seen Unseen Seen Unseen
P-MOS SECS P-MOS SECS P-MOS SECS P-MOS SECS
Ground truth 3.53+0.06 0.98 3.80+0.02 0.98 4.09+0.04 0.99 3.85+0.03 0.99
FastSpeech2+Speaker ID 2.97+0.05 0.85 ND ND 3.45+0.05 0.93 ND ND
FastSpeech2+GE2ESV 2.9440.05 0.88 2.44+0.02 0.89 3.57+0.05 0.94 3.43+0.03 0.85
FastSpeech2+ResNet34SE 2.75+0.05 0.78 2.29+0.02 0.80 3.52+0.05 0.93 3.35+0.02 0.83
(Proposed)

FastSeech2+RawNet3 3.00+0.05 0.90 2.54+0.03 0.89 3.58+0.05 0.94 3.74+0.02 0.87

TTS, text-to-speech, P-MOS, prediction MOS; SECS, speaker embedding cosine similarity; GE2E, generalized end-to-end; ND, not detected.
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Figure 4. t-SNE of one-shot multi-speaker TTS. (a)~(d) English, (e)~(h) Korean
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RawNet3E T8 F=d 32 54 7]it 45k v3a AT A28

FRzs

5 24T (extto-speech, TTS) 7]4:9) A2 SH89] 522 2] raiglond, Alel S400 ke 24
2 AT T e Tl ol23h 53], vke 24 SAF IS E 543 Al 3ok TTS B Al(artificial
intelligence) 7B, 1L, HIT|.2 v 7} 2 FofollA d] G853 Qi) mahA] 2 =72 Fd 5 BA 92 3
2ke] WakE ARg-sto] 53 AT “1 %f%“—? T & gt iRIskE 54 Al vk Ak ohekAt &
A A aEE AR o] zﬂO& ASR=IES FastSpeechZ =% 297 HiFi-GAN 2IEZ 4% TTS 2o
RawNet3 7|RF 312} 176 & A gkt 730t 32} IS &= F35 S/3 oA 31At] S-4o] |71 dnld & =3}
= JEE vk B =M e 0301 ,\k U3kt 54 978 R ofu e} shero] A5k vkt 539 Bl
7343}03‘4 Akt E%LE:_ 3t 5739 AAG T A FALEE B8] flEl AT 1 Bt A 3Eek AL
F7F AEE AFESIE T F3E ool A, Qs haro] AXF thslal 54 3] B2 9] NMOS(naturalness mean

opinion score)= 3.367 ©] 1 SMOS(similarity MOS)&= 3.16 0] Qith. T2 s 7}l 4], A|¢k3t Jo A4k thaa} 24
P4 Bt ssto] A3k vhlAk S A Blo] P-MOS(prediction MOS)= 712} 2,547 3} 3,747 0] 21Tk o] 23t
A= At Bdlo] siaf FARE S} A F S BFolA na R ERTE 50 PFEASS ] ett)

r-\@:

o s
ST

Sol: ST, thal A8, B i, B 13,

* B =R AR(HeH BEAF) Y A Yo R AT AT XS wol 3 E ATYU(No. 2021R1A2C1014044).
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