Computer Science and Application T EHIA% 5/, 2025, 15(11), 85-93 Hans X
Published Online November 2025 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2025.1511286

BVTS: ETBERTHEENSREIEZE S MRS

FMEL, X T
Wb B BRI AE A T AR b, b
2 ARAMEAMNA R D T R SR, TR M

ks H . 20254F10A2H; FHAHEM: 20254F10A31H; KA H: 2025411 5 10H

wm B

B4R, B & i(Text-to-Speech, TTS)F AR mAREME., FRMUEHFHMEEEHRE, GHEE
FIEME SR ERIERS, EEEEARESEERBLTEARR, FERSEDERE. 5 8%
ERC R B 23— T BERT (Bidirectional Encoder Representations from Transformers)f
BRI OB B & BEZE——BVTS (BERT-Integrated-VITS2), #ZIPIVITS (Variational Inference with
adversarial learning for end-to-end Text-to-Speech) AHEZE, 5| NLHEES AL FL2E, TEBERTHRHMERR
AKEI ST, B R AE S LERE, FRSRAN SRR S KBS, SOt
BEEWE5ERNARERER] . L] SpeechHHBEE S B HIWREBIEE LHILRERRH, METAEF
WA, BVTSHIFHE MBS (MOS)EARTHE, AFRHERE(CER)EM, WHBAHEZREAT AR
EEMRNS. BRAEETEE.

Xiid

EE A, BERTHRE, VITS

BVTS: A High-Quality Speech Synthesis
Model Enhanced by BERT

Pengfei Yin?, Xueqing Liu?

1School of Information Engineering, Beijing Institute of Graphic Communication, Beijing
2School of Marxism, Guangdong University of Foreign Studies, Guangzhou Guangdong

Received: October 2, 2025; accepted: October 31, 2025; published: November 10, 2025

Abstract

In recent years, Text-to-Speech (TTS) technology has achieved significant progress in end-to-end mod-
eling and sound quality optimization, with the clarity and fluency of synthesized speech improved
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substantially. However, challenges remain in approaching the texture of human real speech, and
the main bottlenecks lie in the insufficient prosody modeling and semantic understanding adapta-
tion. This paper proposes a BERT (Bidirectional Encoder Representations from Transformers)-en-
hanced speech synthesis framework named BVTS (BERT-Integrated-VITS2). Based on the VITS (Vari-
ational Inference with adversarial learning for end-to-end Text-to-Speech) framework, the model in-
troduces a multimodal text encoder. Guided by BERT feature embedding, it fuses phonetic and pro-
sodic features at the feature level. Meanwhile, it adopts a bidirectional reversible flow model and a
random duration predictor to achieve fine-grained control over speech rhythm and speed. Experi-
mental results on the L] Speech dataset and the self-constructed game dataset show that compared
with current mainstream models, BVTS achieves a significant overall improvement in Mean Opinion
Score (MOS) and a lower Character Error Rate (CER). This model significantly enhances the expres-
siveness, naturalness and intelligibility of synthesized speech.
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HAFTERERNLMAERE . R Z 1), A DL AL SR R At B R 1E  1 75 K

WE VR FE 2 S H R (0442, Tacotron [4]H1 Parallel Tacotron 2 [5]25 #2848 22 NS T 42, EATTEIN
Ui 21 v AR AR BT, KIRART T & B S 1 B S B AR . X B Bl B ML LSO AR S e
AL B BIRE T, ABAEXS TR E V5 B il e 0 7 T T G PR AR, 20 T & s it & 1 — D3t

AR, 1B A BUTTS)BY (R F S 2 i g, ¥4 Bl 1 8i1g 2] — @ik VITS [6]#51 &
H G OR VITS2 [7]REE 32 5r H gt 28 (VAE) XIHUIZR5 0 — AR ER, AMUSEIL 1 & ot & 118 &
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PERF KA TV . 1R L) Speech E¥i 85 H s SO N B 48 E ) seia g5 R, FHAECT VITS. VITS2,
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AR, S EH SR Y R, B0 THRIE TTS BA BRI 51 KR ARk
NaturalSpeech 3 K H Kl 71l Sl fd 28 25 G4 H A, FETREA SR 7 ARG & & G VoiceCraft
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SO Y % B A, (H ks SCAE R 4 (token) B F P FIHEATALEE, RADEEFEMEL LT, &
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BERT A8 AR FEBIIE LS KEEEMOBOCR, (EMRRZ XXM AR 8 AV a5 J7 T 2L & R AR
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L BT RA MR A RIS, A SCR I BVTS HEALE IS BERT 51 S 1035 Xt FFEg 2 s
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3. Bk
3.1. BVTS Ze4#ik

BVTS #RAE VITS HEZR (AL FREAT 1 kik, BAERTHE S GG i) BT SO RE /1. iR
DA AR AT ZE A . ARG 1 s, EREBAMZLOBRA R, BRSO EE . 5K
ey BT R TSR LA = i ds .

ZREARGS 25N T HOIZRM BERT #N, DL A SCA R SEHCE & i SCRFAE, i e ikt
G T H ARG SR AE T 5 L PO RINI BRI L1 SURHIE 5 3 315 SRS Bt
TG, TG ERR, IWISEE M AR A RIIMEE G ENENE, 5%
BB IRRIEEARIE, DARBIOR . [, B TR TP AR IE SCACRHIE 5 18 35 R I 2 18] (1
FETRT N RS SRR RN A N R BT, TIRE SRS S R .
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Figure 1. Overall structure
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Figure 2. BERT-enhanced text encoder
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Figure 3. Duration predictor architecture
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Figure 4. Inference phase of the duration predictor
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4. RBEER
4.1, SCERHIRER

N T At vl BVTS BRI VERE 52 AL RE 1, ASAE AT RS S B R Bl SE LT 1585

LJ Speech %ifiidk: Km0 13,100 %t — 44 Lo MEUEIE A SRAR| (K 98185185 BL. Rk S IC
AXS R SCARE SR, FER A AIE 16 7 WAV K A7 il 128U AR A 15 & & i U F K 2 v 42
MT 58U TTS BAIHEAT X Hh s

BN R B ZBER AR TR A F A SRR TSR, MR AR & 1 2R AU
MRS E LT E AR AR Hrb 4 90%H9E & BUN KA T 5 2 12 B2 18], FIRMI NA T
BORERE U (5 o BR e R AR AL B 2RI R IR DR AL 1 B Pkt (i3 555

4.2. SEBWERISHR

42.1. BARESHEETEMN

SEBG R W BN 59, A4S T L4343 (Mean Opinion Score, MOS) 55 bt %5 - #5215 4>
(Comparative MOS, CMOS), MOS & TiE&ZiEmWiE . % ES BRI, HMEEEN 1 £ 54,
CMOS R TAEESSHIESTNEFIITH, RH-3 2+3 Mtotl. SR MES RS S5
AEEHEATVPAY . Skl 50 445k HANFIE 5 8 S 5 1 A pEA 2, 1R B S ol S0 &
SR RS BEN LR 20 2535 SREAHEA TV 57

Table 1. MOS and CMOS scores of different models on the LJ Speech dataset
F= 1. LJ Speech & E R EIHREH MOS 5 CMOS itk

Model MOS (CI) CMOS
Ground Truth 4.48 (+0.05) 0

Tacotron2 + HiFi-GAN 3.75 (x0.07) —0.83
VITS 3.86 (x0.07) —-0.82
NaturalSpeech 3 4.15 (+0.06) -0.33
HAM-TTS 4.32 (x0.07) -0.26
VITS2 4.30 (x0.07) —-0.28

BVTS (DDP) 4.35 (+0.07) -0.23

BVTS 4.46 (£0.07) 0.11
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KA AL RN 1 Fn. BVTS RZi7E MOS 5 CMOS Mg br B EUE L& St H MOS 4 ¥
Bz N . SRR E T IS T 4% (Deterministic Duration Predictor, DDP) ) BVTS A8 fATE & R Gib 44 56
=, HEBIGIE T BVTS HERAIME 3 . SRR YT: 1) SIAZRAEERSOARID A &30 7iES HR
[E; 2) RMEAERHC TN 38 ZE R A AR IGO0 T, BVTS AL T34 TTS &AL,

4.2.2. B ERE

FVEAL G RO B SRS, A SCR ARG BOE S TS, FFiH B H PR 1% 2 (Character

Error Rate, CER). 453U 2 flizR.

Table 2. Speech intelligibility test on the LJ Speech dataset
Fz 2. LI Speech HiB&E _EAIEF ATERE MR

Model CER
Ground Truth 1.85
NaturalSpeech 3 2.13
VITS 2.33
VITS2 2.04
BVTS 1.78

BVTS 43 1 &Mk CER fH, HEMTHIER . XEY BERT 5| T #01H SRS AL KT &
(ks AR, AR AR A R B 22 B A% 1A ) bt BE DR FFHE A 10078 SCRIA

4.2.3. Mel i&E 1
MY N HA E AT R, AR T A R R A SR T Mel SIS E . VITS BEALA: B A
A 5 FUREIEREE AT WG RAR S IS R, SO SR ol S A
BB, BARE S REAZIR . AT, BVTS AERAE s 470 2 B0 - F 4R, a0l 6 pior, kS ot
PRUETEW AT W, 535 205 M SR HARASES:, NAEE W 3 W 2 el 7 i kA8 . BVTS A2 )
BE AR AN, BT REEE R m SRR R, R TR AR R X I O AR, AT B
R R T B ARIE SRR . 1245 5 R AR A AN SCBR AR BLEDIE, @ BIRIE T BVTS BAITEIE &
AR R E RIS
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Figure 5. Spectrogram of synthesized speech by VITS model
B 5. VITS REAE RIS HISTIEE
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Figure 6. Spectrogram of synthesized speech by BVTS model
[ 6. BVTS #&E4: gl iE Z AL E

4.2.4. JHBASLIE

N TPl BVTS Bk AN LA BRSOk, FRATHEAT TV MRS, 03 18 ol mlRs i i o A bty
T =FEEAAR K, BVTS w/o BERT Bl 3L T BERT (K4nfd 28 B o NFrUEIR N 2, MRS R SCiE X
#ARHE /1. BVTS w/o Prosodic Fusion #& 2 BRI A& 2 AFE, {XAREE B BERT $2HUE KRR NEM
P I 5] N/ 1213 2k B (Mel-Cepstral Distortion, MCD) A4k & 15 5 5 H AR E S AT IE 2 57 . X s
RIZE L) Speech ¥ 4E B4} MOS. CER 1 MCD BHTIFAG . &5 404 3 FioR.

Table 3. System resulting data of standard experiment

= 3. AERIE R G SRR

Model Variant MOS CER MCD
BVTS w/o BERT 4.08 £0.06 251 4.40
BVTS w/o Prosodic Fusion 4.18 £0.07 2.02 4.27
BVTS 4.45 +0.07 1.78 3.95

LG sE RS R RN T S E TN . BER BERT 2 SRS Wi br i Dl KR A F R, CER
BT 41%, MCD EF+ 7 0.35, R T BTN SOE XIS ERI AR R ) SCRE A . BRI G S IR IE S
(T B AR AT &, HE— IR T RS RS B A D B o B TN S e e
TR EE I TE— e FE B LR T 5 & 10 H AR I 3R B, RIAN MOS 7380 A MCD 9 250 5
The PTLAE SCEREL, B RS DAL BENLIN R =503 3505 BVTS (B AP e BAT B 2L 0Tk .

5. B4

AHIEFEHE Pl AL A BOE 5 A ARMELZE BVTS, 43T BERT (15 Xamhd . ZHSEHMER &
A A B AL R TIPSR A oA, 2 RS SOt 38 i AR A5 . BB S #E R, A
ISR HE R B A, IR R BRI ) 28 5 SRR /1. TEATFEIRE S THEWRE LR g 1
KW, BVTS #£ MOS. CER K& B R fabr b, BT 2400 F i ek
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