55 48 45 5 1) R R4l (FARBRRR) Vol. 48 No. 5
2025 4F 10 A JOURNAL OF NANJING NORMAL UNIVERSITY ( Natural Science Edition) Oct. 2025

doi:10.3969/j.issn.1001-4616.2025.05.015

—Fh TR B TR e SO S8 5 5 D7 1k
EIE:S -
(TLHBH RSB, T8 $17T 212100)

[HWZE] CAHETEE (Text-to-Speech, TTS) & — R 45 8 SUAG N IEE BIEAR , BB T Z R AT . M LT
A I TTS AL HE [ RS 8 TTS LRSS A B B 42T, SR, 3k A AR AR P A E S &
TR 55 TP L i AN AT A 4R TS (B St AR SCER T — AT AE A A EnhanceSpeech £8. #
S, AR W] 2 2 B AN CAZ 1) R A T 2 A HLHRI R 3, B R08 > T R R 2 RNAE O IR T
R A R B . IR 38 51 AFEF 4028 R B 700 J5 A BRI 45, 1| A 2 B g R s 1A st R A
PG AL B | i 2 BT T MR O 1] 0 A il . SRR 25 SR R T , EnhanceSpeech FRA 55 [o] 485 700 A4 LY A Rl B
2T 60 fF LA L. peAh, SRIZEIE A FEARIA b, A SO ik A REZE ), B BRI 5SmSR KT
[RBIR] BEER, AREEA AR E BERSR, F oL 5 A 2R 2%

[HESES]TP391 [ XEARER]A [ XEHS]1001-4616(2025)05-0129-10

A Text-to-Speech Method Based on Non-Autoregressive Model

Guo Lulu,Gao Shang
(School of Computer, Jiangsu University of Science and Technology ,Zhenjiang 212100, China)

Abstract ; Text-to-Speech ( TTS) is a technology that synthesizes given text into speech and has a wide range of
application prospects. Compared with the autoregressive TTS model, the non-autoregressive TTS model has significantly
improved the speech synthesis speed. However, there is still room for improvement in the synthesis speed and speech
quality of non-autoregressive models in long-sequence speech synthesis tasks. To this end, an EnhanceSpeech model
based on non-autoregression is proposed. First, the model uses leamnable external memory vectors to simplify the
calculation of the attention mechanism, effectively reducing computational complexity and memory usage,and improving
the model’s inference speed. Secondly,by introducing a post-processing network based on hierarchical squeeze attention
and using two-dimensional convolution to treat the mel-spectrogram generation process as image processing, the quality of
mel-spectrogram generation is significantly improved. Experimental results reveal that the EnhanceSpeech model is over
60 times faster than its autoregressive counterparts. Moreover, it outperforms other non-autoregressive methods , bringing
its performance closer to that of top-tier autoregressive models.

Key words : speech synthesis ,autoregressive model ,non-autoregressive model ,attention mechanisms , post-processing network
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R R A SCHE T EnhanceSpeech R 3 i 5 | A SR G A A e LA K2 A 27 2] i) AR
R P (external attention , EAttention ) 2R BHEE 3 & BURCR. ANBEE B S X AR PR R TR &
) 5 A] A ] BB RVEC A ) S AT S e AL Il ST T M REA TR A SR T R Z A =
MG 3E 3 — AT e TR Z R A 28 B, SR TR RL A 1 5 s BE . b, AR SCAE %8 T Tacotron 5871 (14 J2
RO G 5l A T T E 8 R ERE I 1 )5 AL B 4% (layered squeeze attention-based postnet, LSA-
Postnet) , I T8 1E G 5 A O A3 181, DL BCSE A R AR AT i
1 AHOGHE
L1 XARFEEE

SOARKGE (TTS) FARSE N TR RE SR i #A T TR 8 R A, B 7626 i A 4R B 5 T i 2> i
HARWERETT T 240 B, W D5 R GE TS 805 B, 2 Wi 1 30 56 74 28 000 2% 11 iy 3] i 52
HL S R P S SOAR G Ry 7 2R (AR RIS 1] ) | SR 5 R AR B AR SR, SR A [T
J7 A R AR ] ( mel-spectrogram , Mel ) 145 B4 B 5 B 012, FastSpeech 1 F1 FastSpeech 2 #5271 38 3
3 A WAy 2R i 0 R T SOARRE R IRCR  BA T TR R Tl L AR SO
I EnhanceSpeech BRI T A= AL, i 38 b DL AL RRAE A0 BN 5 A B 28 ) S T 8 SR i 1Y)
HEE A IECR.
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Fig.1 General framework of the EnhanceSpeech model
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2. MR 2 B, 156, il B R AN IE SRR (squeeze and concat module , SC module ) 2515 7 %
IR R 2 ROEERHE B SR 5 38 5 e 4 5 WA A BB (squeeze and excitation weight model , SEWeight
module ) $& A [F] 2 GURHIE KT F9TE R ), 19 B R G0 0 1 5. 32 T Ok 1438 2 e BRI ] T 28 ) 1)
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Fig. 2 Post-processing network based on hierarchical squeezed attention
2.3.1 SC module
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A R EN A (5) P
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Kb, F e RPCFIRHE R B bR 2 RBERFER. 38X b 2 )2 30 | 5 b 21 00 2% RE A% SRS i 1 3L
I P ] e N R A R, M — 2P B T S U
2.3.2 SEWeight model
R T T T ML A 00 2 AR 7 A T Y R DA 7 AR B A T O S B SC module Fit
G T ZRZ R MG B AR B bR RBERAEE . SEWeight A it 55 A5 B A R i 45 (5
VR T R R I S R BAREE R AN 3 R
B, 0 2 SRR F K (7) 5 AT B Al B 2 2t AL

1 H W
8= sy 2 2 P (7)
H E AvgPool Divide Assign Attention Weight
e T R R AT
w C 1x1xC Scale 1x1xS Weight 1x1xS

3 SEWeight #EI45#
Fig.3 The structure of SEWeight model
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1 ¢!
ho=g 2 elixCul. (8)
A2 R 1) LB S 5
h,=hy@®h,®---Dhy_,, (9)

A, @ BIEEERAERT TR 2 e ok 453 h, e RU™ , F0R38 1 B R 3RS 2R [6) RS A RRAE ]
IR, TE SE St 5 o ANEE A B AR TR RN (10) R
w,=a(W,8(Wy(h.,))), (10)
Krf, Wy W, BRI 22 B A A A 1A (B A B D 1 e 3 R A R A
BWze ., Hr § 3R RelU 3% pREL, 1T o WAL ER Sigmoid 305 PR, 18 10 33X SE30E pREL, SBT3l 38 1]
SEH I WAL S C , DT SE A R4 B2 JBA 2. 0 5 2265 1 ) 20 AL, 1 o7 8 43 [ ) 2 ) RUBE
HABACE s (11) PR
att, =Softmax(w,) , (11)
K, art, e R"FRIRT I HIG W2 RS ROALE. SRJ5 , K43 46 22 RUBE 4043 Fo A 5000 1o RUBE Y
F A, = (12) R .
Y,=F, Qatt,,i=0,1,--,5-1, (12)
Ao, Y s i 22 ROBE @ T8 3 B A 5 AR ] X (A5 7 5k [ B AR 4 AN ) RUBE DA AT 22 ) 1)y =03
5 FE EEREAE , [ S5 A0 (5 8. Oh T IR UE A R I 75 1 R A5 8 e 2 1 W R A5 1 BRI B RRAE
P15 I 0 75 1 LA T AR 22 AR, an=X (13) iR
Mel=X+Y, (13)
K, X FOR RIS E Y R 2l 3 0 H AR S 1 k.
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3.1 HE&E5ITFMER
3.1.1 #EL

SR AE T HE 7 A RO A SO T % JT LISpeech! ) Fl CSMSC ) B4 A2 PEAG IR 0. Hirh | LISpeech
£3,55 13 100 A5 950F B S AR 9 SCAS T 3% T CSMSC A2 55 10 000 />3 45 - B SRR B B SCAS bR i, HR 4l
FastSpeech 2" ({75 28, A SCH BB 4245 FL R0 MU ZR 4R B0 UE 48 R4 EL AR, 94% 135 4 1) A
B FAPEVIZREE | 3% 2 4500 i AR S0IE B, FRIAR 9 39% 935 A U0 7 Bl FEVE IR 4 . <5 A0 850 1 SRR S5y
22 050 Hz, )5 R AE 267 0 80 4ERUHE /R AL K], iR/ 1 024.
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3.1.2 M dAR

SO T RETE MOS!™? RTF!™®) Peak Mem!™ Fl Params!™ PU/NEFE 09 PERE. BAKHL, MOS JH T
PR AT i, S0 BI0H o FR R . RTF /R SERR A BEAS ] 518 35 B 22 bb, T de A 780 ) ¢ B s
K. RTF {E#/]N AR AR B il 1% P ) B bR, Peak Mem SR (E AT, 1 iR RITE 12 73 R b BT 5
RO K INAF=. 1 Params %*ﬁﬂ%ﬁ%,%?@f%*ﬁﬂﬁd\
3.1.3 stk

R IRHIEAR SCITHE 5 5 A 30, S B LA AR R A 55 (1) BLSC 401 ( ground truth, GT) < /E R SE 1
(O ELSEFAIREAR 5 (2) GT( Mel+HiFi-GAN) ) | RIS B0 S35 A 49 b Mg JR A 35 1), SR il HiFi-GAN
W AR AT PR 2 38 [ 355 451 5 (3) Tacotron 214 — ks FH 4 35 T i B i I 2 (9 1 [ U055 & BB RY , A Ay
FEAERLHY . (4) TransformTTS ) i ] Transformer ZEM) HEATHE 35 & B0 A AL, (5) FastSpeech[ 101,
AR B UHAE S A B S A A ; (6) FastSpeechZ[ZI] : FastSpeech BBt ilAS , 2B
A SRR 1 LSRR AR HEA TN 2R 5 (7) Glow-TTS" ) . 56 Glow A= sy AE B [RS8 3 &
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M FRGE. Hodh GT(ESLF ) Al GT( Mel+HiFi-GAN ) 145 i FHAR AL | A L B MOS F5 4.
3.1.4 Eim¥

ARSCHE A 2 Bk NVIDIA RTX 3060Ti GPU #E47 9125, &8 B Il ZRAL /Ny 64, IR FI AR TR] )
Adam IEAL2S  BESECH B1=0. 9,82=0. 98,2=10-9. IFABHEILE LISpeech BHREE 17 T 50x100 X
HEARUN SR, TR BEL. BiS , BEALA: Bt R AT 1] 28 TR 25 1Y HiFi-GAN 75 R g 4 Ry e AC | 3
TEMREE L PEAL. X} F EnhanceSpeech 5 | EAttention H {3 & 7 .50 B9 Bl 2 4 5 1% B 64. 7 LSA-
Postnet #2E /1 channel % &4 16, reduction X E N 4, Z R JFHE SIKE RN 4.
32 IBER

W 1 iR, R SCEE EnhanceSpeech #5871 5 24 7if 32 i A 3547 LB, P4 HAE MOS, RTF , Peak
Mem 2 Params [ AJHERE. B 9C, 7E MOS 1, EnhanceSpeech 75 P08 4E T M fE 2 51 L AE A BHEREIRIEE
F T 1% ~3.4%F 1% ~1.8% ,5 A [EAE A 22 B4 I FE 2.6% LA, TEHESRA% J7 1T, EnhanceSpeech 38
PEALER. L RTF EFEAIRZE 1.99%107°, BbRE S A iU BEARAT T B REEF. 5 A mIABORUAR [, R 42
THT 25 58 2 481 45 ;5 W AR A [BITBRIA L, o R B A0S0 A BE AL 3. SR, 7E Peak Mem J5 I, FIT 42
FEAIAY 25T Tacotron2 M5 (H 5 HA 7 A9 FE A BHEARRUAH LR T 5% ~ 12.1% , 5 TransformerTTS AH
FeBAR T 7.5%. ) , 7F Params | , EnhanceSpeech AR T 5 A B R 245 S 5 S 1 ] Y o , HZH
HEARIREL /. X R WA SC T J7 P 7E VR BE AN S 85 i 22 (R e 8 52 I R 47 1)~V 23 b T i& , EnhanceSpeech
TEE AT i HERLR A 5 ISR S8R ER R IR, 3R] T SR S5 A 1 5 B | Jios 1 HAE
Sy AR A AT & G U A v ).

F1 ERPREEE LR FRA SRR LR

Table 1 Comparison of performance metrics for different models on audio generation

MOS
Method RTF(1073) Peak Mem Params
LJSpeech CSMSC

GT 4.465 4.543

GT(Mel+HiFi-GAN) 4.315 4.421
Tacotron2 3.825 3.924 118.00 61.80 28.2
TransformerTTS 3.845 3.915 960.00 119.36 24.2
FastSpeech 3.675 3.774 2.01 116.19 23.5
FastSpeech2 3.775 3.776 2.03 125.69 27.0
Glow-TTS 3.745 3.767 17.20 116.59 28.6
EnhanceSpeech 3.801 3.835 1.99 110.40 26.2

TE:RTF 3R 52 RGP (G R Hifi-GAN 7R ) KA a1 s E L

3.3 mERAEMMERE

LA TTS e FHIY) LISpeech BAEHE ], SCHME 1 rde 5 sk B9 R0PE , A 3G LA J0rE o i SRR
BT 5 AL B 25 534t (LOSS 434 L) S 2 503 #r.
3.3.1 BIA RS

W 2 s, AR AT I RF 5T LSS IE EnhanceSpeech 31 H)-& #iPE. Hirp —EA /R ZHFRANTEE
I AR B At e ;s ~LSA-Postnet Ze7~ 2= B 5 A0 B N 4% | AV A% %ﬁﬁﬁﬂ(l&%ﬁﬁ, —~EA+LSA-Postnet 3
TRJFAR B FastSpeech2 FR7

F2 EEREERBEN

Table 2 The impact analysis of each module in model

Method MOS RTF(107%) Peak Mem Params
EnhanceSpeech 0.000 0.000 0.0 0.0
-EA -0.012 0.220 25.4 1.0
—LSA-Postnet -0.023 -0.100 -14.3 -0.3
—EA+LSA-Postnet 0.026 0.090 14.4 0.8

-EA BIR LR TAMEERE T, 45 R BoR MOS 4554 I TR, RTF FE{I%, Peak Mem (5 H 52 35 3 i,
Params 34111, 33X 3 B ANER T 25 71 78 $2 o 2 A o e A2 N A o5 FH O TR & 4% T B B4R . —LSA-Postnet 1571
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LTI FE M 45 MOS PE43IEA T, 18 RTF #2871, Peak Mem 57 F i 35 [ A%, Params /0. X F 0 J5 4k
LD £ 5%t 4 5 A B AR (B AR R N A AT T — R AR

—EA+LSA-Postnet S H| 7 iy FastSpeech 2 %L, 78 it A 845 I F I AL 41 EnhanceSpeech , Ji H 7E
RTF il Peak Mem J5 1. X Sl 1AM MG A0 2H 0 26 1 455 S 5 4R T T BRI B AR PR BE.

Zi I, EnhanceSpeech A5 73 15 B A AN B AL T 00 267 R 3 2 19 5 A B 245 R R RIS 4L
SMINAE S Y[R 0 2 5 T 7 Ao d AR ARCR ) e B 1 HAE A& & P 3
3.3.2  SRERIEFE AN R A RO T

T WFFEAT 2 ] AN LIRS P2 0T 3R SQIBRE Iy T A R, 3R 3 R 1RSI T L T
TR A A 25 B PERE. AR SCHCES T A 1 5 1 (Self Attention™" ) 55 19 F % 25 4% 55 1 2 /1 ML ( Global
Attention'® I Band Attention'®’ ). GEREIR AN R AU R BUEREE. 5 B R ISR e, AN L
e MOS 48T+ T 0.8% ,RTF $27t T 15.5% ,Peak Mem (5 FHFEAR T 22.5% , B9 Params FEAIR T 4.1%. X%
BT A B LS B B R AT 45 1T BE 60 3% SAE55 R R ICAR TR B MELUA HOm#E 5 2. b,
5 Global Attention F1 Band Attention PR &AM BT B JIAH L, AMRE: B IHLHIZE MOS L4334 T 1 0.4%
M 2.3% ,RTF 535145t T 4%F1 6.6% ,Peak Mem i 43 HIREAR T 23.8% F1 21.9% , 15 #Y Params 43 51| FE K 1
9.4%H1 5.1%. JSEFIASTTERES I/ TR Z AR (B e A LR AT R G [ € 1Y, e AR s
A2 ) MR EORE. AR A SCHR Y ANAR I B FE il D SR R [R) I, 7T 27 ) Al e R 22 [ Y
HEOCIR ORI B T H R L M RE.

3 FEATEEENHNEIELR

Table 3 Verification results using different attention mechanisms

Methods MOS RTF(107%) Peak Mem Params
Self Attention 3.775 2.00 124.8 27.0
Global Attention 3.763 1.76 126.3 28.6
Band Attention 3.694 1.81 123.7 27.3
External Attention 3.778 1.69 96.1 25.9

N T R ARARAN IR T T AL A RS 7 i PR, AR SO U o T T AL 2R ) AT T O, Ok
BT W MOS 38022 57 35 B0 S AR AS HEA T A i 2. BRI 4 F 7.

(d) Band Attention (e) External Attention

E 4 FEIESAVETHEEE TS

Fig.4 Comparative analysis of spectrograms under different attention mechanisms
XF LU A3 BT AN [R)3AE T T AL A sy 7 i L i B, VP s s 12 5 T AL 2 1 75 335 B A AR B B 4. >
W BB AN B A RS R IR R S AR W AR AL (O REREAIR T I S A B, I T RRAE
JOBLISE Y
3.3.3 G AL E W 44 A RO ST
S AL PR S AETEE G P R TR BGE S 1 B AR BEFIVE L. S 9 IR R T3 2 5 H i B 0 5 A B 4%
B RVE , A SCB AN B T (EA) . — 4B UG AL BRI 2% ( Convld-Postnet ) VA R IETF 0 EH R T2 005G
ALBR 2 (LSA-Postnet ) Z [ [RI4L & 7547 HLAER. 4036 4 Fis A1 LT EA-Convld-Postnet , EA+LSA-Postnett £
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MOS Hl RTF _EARE] T —%E e T, 7ER Params AR LA K, AXAE Peak Mem (5 H_EWGAIEIN. 25 FFTiA,
RSO B 4 AL B 2 B AR 1 SR BT, FOAUA Bl e 22 JOBEARAE , RIS i T as A 3380,
R4 TRIEAE M T IEEER M

Table 4 The effect of model performance based on two post-processing networks

Methods MOS RTF(107%) Peak Mem Params
EA+Convld-Postnet 3.792 2.38 105.60 26.1
EA+LSA-Postnet 3.801 1.91 110.40 26.2
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Fig. 5 Comparative analysis of spectrograms of two post-processing networks
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Table 5 The impact of different S values on model performance

S MOS RTF(1073) Peak Mem Params
32 3. 754 1. 21 105. 40 25.2
64 3. 801 1.91 110. 40 26. 2
128 3. 805 2.23 122. 90 27. 1
256 3. 809 2.49 129. 80 28.2

% 6 [E channel & X8 14 B8 B 400

Table 6 The impact of different channel values on model performance

channel MOS RTF(107%) Peak Mem Params
8 3. 788 1. 03 104. 4 25. 8
16 3. 801 1.91 110. 4 26.2
32 3. 811 3.91 133. 4 26. 8
64 3. 814 8.97 180. 4 27. 1
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