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2 o B AFE 60tolA 90to] o]2= 1F kA gh=o] 24 dlolHE &85k, Al tﬂolEi oA
axog sk 7ot AT (Text-to-Speech, TTS) Bdl & "R Aoksith, & 50W 9] 118 SIRIEHH

ok 2508 B9 34 dlolHE st o, SAY Hit 5& 29 &% HloJHE 7Hte R XTTS(Cross lingual
Text-to-Speech) 22 9] fine-tuning 7|HS A5 tt. dlolE A2 dAAE= Whisper large-v3 ZE& &
43 A 24 QAASRT 24 &5 AA(VAD)E 53]1 e}t 7k} A F4-E FASHATE Mixed Precision
%3} CosineAnnealing *ﬂ]ﬁae Zgolo] gy 8T AP FIAAT. AF 23, HH9 sto|mnEtnlE
A3 Sl A thEEQ] F}A oA W& Word Error Rate(WER), Character Error Rate(CER)E EAl5toH, %7]
g dAM 2 2/RES B A 0”:‘ kAo sl ASHES Boll ol A MAES ERIsHAT. & dA+&
1% 3R] 34 B4 H}Oqﬂ’_} gh=ro] TTS AlAE 45 7Hs/3E Aok, A dlolEl7F F5] Alghd g4 =
HE 7153 B84 Few-shot & HHES AF3ict

ZFHIo 1 SATA, Text-to-Speech, XTTS, Fine-tuning, 1% 3}A}, Few-shot Learning

Abstract This study proposes an effective method for building a Text-to-Speech (TTS) model in limited
data environments using Korean voice data from elderly speakers aged 60 to 90. We collected
approximately 250 minutes of voice data from 50 elderly speakers (25 males and 25 females), applying
fine-tuning techniques with the XTTS (Cross-lingual Text-to-Speech) model based on an average of 5
minutes of data per speaker. In the data preprocessing stage, we refined speech segments and
transcription quality through Automatic Speech Recognition (ASR) using the Whisper large-v3 model
and Voice Activity Detection (VAD). We improved training efficiency and stability by applying Mixed
Precision learning and CosineAnnealing scheduler. Experimental results demonstrate that with optimal
hyperparameter settings, most speakers achieved low Word Error Rate (WER) and Character Error Rate
(CER). Even for speakers who initially showed high error rates during the initial training phase, performance was
significantly improved through retraining. This study presents the feasibility of building a Korean TTS
system reflecting the voice characteristics of elderly speakers and provides an efficient Few-shot
learning methodology applicable in environments with extremely limited data per speaker.

Key Words : Text-to-Speech, TTS, XTTS, Fine-tuning, Elderly Speaker, Few-shot Learning
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1. M2

LA (Text-to-Speech, TTS) 7|&L HAEES
A~ P08 Hekel= 7eR, T "ed 7
5t9] End-to-End 229 YH O R QI7t =52] AL
2e =24 AAol 7FssizlcH1.2l.  Tacotronl3],
FastSpeechl4], VITS[5] 9] Xdo] tjx4o|H, X
o= YourTTS[6), XTTS[7] & ©=ol& A sy,
AdaSpeech A]2]2[8-10] & A%< HolE2E f=E
kAte)] B8 4= = 3HA A-S(speaker adaptation)
752 & BdEo] Eds] AEa St

I8 712 TTS 97 32 Hd 9 2d=0] o
23 S4S FHCE AP0, 1 A S EA
S SE9| 9tdstA] oks SHAPE otk 19 SRRk &

tﬂ-/\é Uﬂﬂ(tremor) 7 /;].9_
(breathiness) 7t w«l EA4& HolH[11], ol& <5
5171 YlsiAE EskE dlolgAly} BhHEo] "asitt
ESF gubdog wEA TTS Bd dh&oli= g 4
A Azl 243 dlolE7F "askA|TH12], A4 3-8 &
A= %4:;5 tlolg gHH7} oj#L F9rt Wt

2 A= o3t FAIE sidst] sl 60delA 90
oh7kx H % St 50 o= E SRR Bt 5 ofW

T 4 HolHE 28519, Aljtd HlolH g3
Mx 124 ghro] TTS Rdg 153t HHES A

Aok W2 ohaat Zo] "9 AA, 1%
3R} g0 TTS dlel8AlY] =4, MA9, & g
AAHR] HHES A, EA), XTTS Z29] fine-tuning¥t
zero-shot 7|52 &8t Few-shot 85 AZFE AT,
AR, AAXZE S5 BUE R stolwalen|E XHIE
B3 s A R AlAl, UA, WERTF CER 7]¥H]
A 57t oA, S5 A A9 A9 B4 A

=

A Asks ZEAAE

2. 0|2X HiZE

2.1 g=d 7E S8gd 22

g2 7|8k TTS AlA
93} non-autoregressive ZEZE &

"2 37 autoregressive 2
E=Hr} Tacotron
2[3]+= attention 7]8F9] sequence-to-sequence %
42 =2 49 542 Ao, 28 &5 2’
o] r}. o] 7WAEE FastSpeech[4]9} FastSpeech

= g A7t 7Hssto] AARE 3-8l Adtsith
o= End-to-End Sk5°] 7Fs$t VITS(Variational
Inference with adversarial learning for end-to-end
Text-to-Speech)[5]7F A|FE 0], vocoder §lolE L
ZHo] oS WA AT 2 A =tk VITS=
Variational Autoencoder(VAE)2} GANS Z3lslo]
sk 88 24 248 BF FAFESE

2.2 =0 & 3kt M3 TTS

o] TTS AIARE o Q1oj9] A4S dd =d
2 sl5oto] o] 7k 2)4] Hol(transfer learning)E 7t
55 gt YourTTS[6l= zero-shot H=o] TTSE
T sto]. 2o siRko] A%k HolHuto 2 S
s}ate] SA4S FHAIE 2 glek XTTS[71: thepm tho]
zero-shot TTS &2 tj=ro] U3} § fine-tuning
% zero-shot S5& BF ALt 53] 52 ol
</ HloJE|& fine-tuning®| 7Fsdte], Agte dlolE]
o H e BIFARl 5} Ago] 7hsdth= Aol A
o}, IMS-Toucan[13] Hg} 8h5& F3ll 70007 ©1
9] Qlolg A Yol tiqfi th=o] TTSE F+dsk9rt.

2.3 Few-shot & Zero—shot TTS

Few-shot TTS= 4% HolEvte g q=L A}
9] S44& 5ok 71€°lth. Meta-learning 71919
1417} speaker embedding2 -85+ ®H[15]0]
g # Aoty AdaSpeech[8]%=  conditional  layer
normalizations Bl 3k &8 52 FIAIHoH,
AdaSpeech 2[9]= AAMEA] gk HlolH R % QA<
Sk5o| P53l E A=t AdaSpeech 4[101%=
zero-shot AU QoA Sk EX4-S basis vector®
Eofiote]  dRtst FIAFE USATII6R=
zero-shot¥ few-shot #-8-& S93t HE 1 25
Y JYYAE AABIYTE Zero-shot TTSE ks &
oAl HA] 53t 3RFe] SA L reference TR 9
A 7Fs3H 3H= 7]& =, speaker encoderE E-&3t
o] & ARGETH17I.

/\_‘——_0_

1% Y] 2442 ey wslz Qg E4%E &
g Heltk Adie] 4%, 55 28 59 A}, 22 7|
o] AdE A 507 QF) 249 94y, /)X &
7k, W3E £5 A3} 5o YERATH11].ASR HopollAl+=
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3.1 HO|EA 1=

£ AFollAE= 60tolAl 90t7HA9) 1 Bkt 507
(24 257, 944 25)c=RE 4 HolHE S5t
Ak A oF 3024, 5% 5 24E 5501
o, A4 gloleAl 1,500%%, & 250%, °F 1.7GB
el

dlojel: AF 60, 709, 80, 9oth)et Al
net qAEE 2Rot] AAHeR sttt 2
S veEoly ol Agstalon, BE 342
F8% oI HE9IAL MET HlolE 22.05kHz,
16-bit PCM WAV 4oz #43}3ict.

sentence0l.wav | CHIotA|Q.
sentence02.wav | BIZ&LICH

54t

—_

sentence03.wav | 25 M7

[Fig. 1] Voice data collection and metadata format

3.2 Y MY

£ Aol 3R 58 = ARt dlolE ¥4
S 18519 fine-tuning¥} zero-shot 7|6 % A
Hsh= XTTS HES A3t XTTSE 58 oAte]
4% dolgttoz: 349l fine-tuning®] 7FsSt
Few-shot 352 A Y5, g=tolE =L th=of 3
7oA A o7 ZEsltt ESL fine-tuning®] F%
1A S 7L zero-shot HER Agslo] ARRS 4=
o] sk Aufo] thet thA WHekE Al

ESE Alltalk TTS v2 ZHATE &850 XTTS-v2
2499 fine-tuningS $YHs1A o™, Y 7|HF AREA} 91
Huo]AE Bl g% HYE A& E Hesigich

33 stg 27 7Y

S=QJo]= NVIDIA Tesla V100-PCIE-32GBx2

GPU, Intel Xeon Gold 6136 x2 CPU(243.01/482%
L), RAM 251GBE AHESIGiH. £ZEYol= Linux
SIAA|, Python 3.11, Miniconda 7HJ2Hg, Alltalk
TTS v2 Ze|AYIZE AMEsIolen, SSHE &3 ¥4
A& 9 Ul B9 <52 Agsialnt.

3.4 HI0[E Tx{2|

Whisper large-v3 & ARgolo] 4 TAZHE
HAES A5 FE31cE. Mixed Precision(FP322}
FP16 €8)& ALsto] ok a&3 FAIHTHION
Voice Activity Detection(VAD)Z& &3s}sto] 240]
ZokE] 7 AEo® &9 01, Min Audio
Length 2%, Max Audio Length 12%2 AXs}3ict.
A glol8lE gk dlolE e} A5 Hlole g £dst3le
o, dlolg ol Azt A fsto] FF HlolH Hl&
< 5% HASIIAct XTTS-v2E gH=olg Xt ot
o7} AFd 5E EJuUolxE WAskal JlerE,
0] BPE EUo|A o532 oA itk

3.6 22 Fine-tuning

GPU AW 9] A} Hlole 9] E4& a1Esto] fiet
Zol slolgugrEE  HAAsol F8 AR
(Table 1)3} @t Learning Ratex= H|oIE{7} A4
ojlm& 22 ZH5e-6)= AHEste] TARME Aokl oF
A9 852 Lol CosineAnnealing AA1EH
= SEES IR T FHIE FAAA, F2 dolH
oflA T WASt= H A olTH20]. AdamW=
weight decay regularization= Z}-8slo] duls} A%
= A, A RES S4/0f oA ®E
o5 ARGHETH21]

(Table 1) Hyperparameter configuration

Parameter Value Description
Model XTTS-v2 Fine-tuning target model
Learning Rate 5e-6 Stable learning with small rate
LR Scheduler Ar(w:r?:;rl];g Overfitting prevention
Optimizer AdamW Improved generalization
Epochs 40 Sufficient training iterations
Batch Size 8 GPU VRAM consideration
Acglfndj;ttion 2 Effective batch size 16
Workers 8 Parallel data loading
Max Audio Size 15 sec Include most sentences
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[Fig. 2] Normal pattern

k5 4ol A TensorBoardE 53l Average Loss
MEL CE, Training Loss, Validation Loss, Learning
Rate Schedule® AA7Zto g RUEH 319t} Fig. 2
= A4 H¥lo= Avg Loss MEL CE A4/} AA o1
stch ¥HH, Fig. 32 v]PA €O 2 Avg Loss MEL
CE A7t A3 453t vd4d g (Loss 45,
2R, 7ol Faoral

-
Learning RateE Z7sto] AstgS Z13YsolH.

W o
o
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[Fig. 3] Abnormal pattern
36 24 24 2 Wt

Fine-tuning®] ¢&ad Rdz 242 AT o,
Languager Korean, Temperature 0.75,
Penalty 10, Speed 1.0xZ 275t

Hdo] Fsg ATy os @risl] s WER(Word
Error Rate)¥} CER(Character Error Rate)S AR
93\‘:} WERS =7 Q14] Z2¥e} ¢ "9 AE 719 to]

5% 9788, CERS B4 579 2588 33

Repetition

WER =S+ D+ 1) /N x 100%
CER=S+D+ 1 /N x 100%

o714 S=
A, I+ Insertion(3d), N
7f=ol et

B} ZEAAE Thaa 22 AR AgET A,
Fine-tuning® RE= 7+ §x}9] HAE B2 FAJSH
ot B4, 8E 34S Whisper large-v3 Rd=Z g
AER IR AR, g 9AES} QA EA
HAA3tct YA, WERY} CERE AAKRIY, thAlA], 7
T2 o9 eFES Hol= Ao s Ak A
3}, B 7t 92 Whisper 222 B3t AJQ14] 7
gto g S=8f=lo], TTS &2o] Whisperol XZ3lH of

He 2 F¢ AA 2AET o780 i FHE

Substitution(X|2h), D+ Deletion(3}
YE o] = B &

-

4.1 Fine—tuning &2} A%

fine-tuning®] A& HZSH| Holl, 5L A+ L
Y HAE 4| tig]] XTTS zero-shot (fine-tuning
A2 fine-tuned HEO] A%5-S H|WIYTt Hrl=
B2 =23} 3k} (HE HAto R Sgslgjon, d8
2 2RES B AgkE A SR 2RtE ] 3l
. 6 3R] ¥ WERY CERS S745H3ict

(Table 2) Comparison of XTTS zero-shot and
fine-tuned models

Condition Avg WER Avg CER
XTTS zero-shot
(Before fine-tuning) 41.9% 38.3%
XTTS fine-tuned ) .
(After fine-tuning) 19.7% 3.3%

A3 A3} fine-tuningS £ WERZ} CERo| 7§41
=0}, slAtg B 52 Fxo| 4AF HolHEE Ayt
Q1 3} 250l 7Feee gelsteitth

2 A otk ds =M
Z 5079] skt tj3f fine-tuning= $~F3I} O™,
7t SiAPEE WERZ} CER2 =Zsl0] Lo Wrlelgl
ot 7] S5olA B2 2F78S Bl SAEL slolH
e S 245t Alsks2 JFsHT

N
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{Table 3) WER and CER measurement results for 50

speakers
Soeaker Grou WER CER Number of
P P Range Range speakers
Excellent 0% 0% 47
Retraining Required 36.36-45.45% | 0-11.43% 3

29 3FH94%)0llA] WER 0%, CER 0%E 94
sto] Wl 9% des= EAh YourTTS[6] %
AdaSpeech(8] 5 71& Few-shot TTS A+-olA4 E1L
H WERZ vyt 37} 7] 5~15% $=52olH, 1% 3=}
i As AdEeR Fasit £ A9 WER 0%
AL fine-tuning 7|¥re] 73t 32} S f}o] 7191
shH, o= Aol BE7 7Hs A it

24 399 iV‘KspeakerZé speaker25, speaker27)
27] SIBoA =2 WERS Eof Afglszo] B asty
. SRt oigt ZpAISE JEE= (Table 4)9F Zh.

£

(Table 4) Sample speaker information

[Fig. 4] Speaker 24’s pattern before relearning

4.4 Learning Rate &g
Y3t 3F1}, FUsE oietulE oA Learning RateRt

HAsto] A3t A= (Table 5)9F At}

(Table 5) Impact of learning rate on training
stability

Training

Speaker Speaker Number Audio Age
of Gender
Group number length range
sentences
24 30 6min | 6os | male
13s
Retraining 5min
Required 25 30 33s 60s male
5min
27 30 s 60s male
5min
44 30 s 70s male
Excellent | 49 30 min | gos | female
42s
50 30 5;mn 90s female
S
4.3 Mets At 24

Learning Rate

Avg Loss MEL CE Trend

Stability

5e-6

Continuous decrease

Stable

le-4

Increase or divergence

Unstable

E=2 WERS EQl 359 364 EA-HS o=
I} Zt}. AA|, Epochs F=C & 20 epochsZ 555}
o] FES $9o] o|FoRA At A, AL
Evaluation Data SplitQ & 15%= A4 35}o] 5k Hlo]
E7} =5HA Aol

Asks Al EpochsE 40°%, Evaluation Data
Split 5%=2 A3}t speaker249] 3%
5o14 WER 45.45%, CER 11.43%%5 H3ou, Asks
¥ WER 0% CER 0%2 2AsHdth. Fig 4&
Speaker249] A|sk4 A €1} Fig 5+ Speaker249]
Aeks ¢ sfdolct

, 271 ¢

Learning RateZ7} Y& =2 A(1e-4) Loss7} T4t
sto] glg5o] Auffsielom, A3t Learning Rate(5e-6)

2 8T A4S A

ah¢o] ZHshoint.

MR

45 A U Y g5 2

(Table 6)Tt Zo] ek & HA| 50 Ao Bt

& WERZ 6.53%, E2H4}F 2.03%F 71553 ol
7]& Few-shot TTS A79] 5~15% HY el =5}
H A2l 52 Eth A¥HERE 60t 6.47%,
70t 6.40%, 80t 6.80%, 90tH 9.25%% 60~70t +
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oA Ael7t wlmjsiint. B2 94 6.61%, o
3 6.27%=2 AJEANAE Afo|7t vlu|sHA FEE .

(Table 6) Performance analysis by age group and

gender
Category Group Speakers Avg WER WER range
60s 37 6.47% 2.86%~9.86%
70s 10 6.40% 3.49%~9.61%
Age
80s 2 6.80% 5.71%~7.89%
90s 1 9.25% 9.25%
Male 37 6.61% 2.86%~9.86%
Gender
Female 13 6.27% 3.27%~9.79%

46 B AjZH 24

SR Bt ohy AIRES HolEAl 75 oF 5-10%,
Fine-tuning(40 epochs) oF 2-3A171, 2743 ¥4 ¥ 37}t
oF 10-15%20=, M4 &8 ARk SHAg oF 3-441%F
o, GPU 27}& Ahgsto] WE shso] 7sstag, A
5079 RS 9F 75-100417F Yol gk sl

5. 22

=

oot
ol

o7

50782
2}k

o]
AR

£ AT 60HolA 90ti7iAef 17 BFX
7 Hlol8lE &-8stod, Aete dlolg 273
oAM= 1EH gh=to] TTS BES ;L%z I}
ottt XTTS X499 fine-tuning 7|H¥ A|A4
Stolsfutetule) HHste Fo) o] sholA
WERZ, CERE 2Aatgiom, 27] s Asf Alele]
oA AessS 5o A5S SA35] 3=t 4= It

2 7o) 78 7lof the3t 2ok 3, 1Y s
o] TTS Holgil 75 At AAHA BHEe
A5 B4, Few-shot 35 ol 42] a0l
fine-tuning ATFS 7NEstoich. A, AAZE e
UE G AAZR] Aeks Z2AAE :
WERS} CER 7]3te] A4 ke 59 242 £9 o
2] We Atk

# o] SAEoR 3, B7 WAoIA Whisper
oEe E3 Q14 rjgtoz SgEo] TTS &8o]
Whisper©l] Z&s}e u}]l,:jg,_— Hol Ao MA exwch
QFgo] TA =HE 4 Jui= A Ho] Yot EA,
WER % CERS §% 44 3715 Saelglon, 4
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MOS(Mean Opinion Score) H7h= Y =A] ket
AR, G 30857 29 G54 tolEnks 5
Fsto] W3} thekdol A=, 17 3 E/e
g d(tremor)-7]42(breathiness) 59 24 &4
o] fine-tuning IYoJA wo]2& AHE 75/l 3l
of U, dREL YuA BYoEnt AR Y ®
9| thf/go] REsih= AL

FF At B A7 TAE S5 YR &
E 487t ek A, Tloly SHollA A3t 2 5
£ 100274 olfo = Sdfisty A U3t 9 Sk
oJElE F7} f=sto] HlolElAle] thafdE 5Kt e
7} itk E3E 1004 ol 2= ARe} X9 W 3RE
zoote] A5 9 <doj HolY] WYE Yo 3t &
A, 17 3 559 e 2T Y g 1A
Y 24 S BAH e ndgsi: 1Y 3 &3
AAY 9 gkg A Jfdo] aE A, 7E-EF
9 5 Ot 7 geleS =kt 1 TTS(Ernomonal
TTOE &Fgste] B& AAAFEL TR 24 Aol
7hsStER sfof gttt A, AAIRE AElA AH8-Z gt
FE &% Hget I, MOS & 84 3 B
T]lste] A Aot 204 24 Bk 2Re ¥
FHRIl Gt AAE F5dfof gt viA|ge R, shg
UEHT} sy Z2AAE Asdlole TolmeelE
TEFoRN i St gt SIS 2 AT
TTS AlA”Ic & TAA 4 gls Zolth

2 A 13} ARlolA 1A JEHE 24 Ve
e Zodo] F-goh, At dolg oA x

AR TTS BE k5ol 7HsehE HolFQltt. 55
SR 5‘j°1‘1}b AT HolHE &4Htt 52 2
e AL, "ol o] ojE &% Fdo i

uEd %El ed AT & e 7S AXT
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