[N p7s P S/
= i H A F
COMPUTER SCIENCE

ETF BERT HUiRZIIRIEE SAS iE

T8 NFR = 28 (EEk

SIREFX
TE NFR, Z=0H 70, (EE4. BT BERT MinEmES AAIIEN]. HEHRE, 2022, 49(4): 221-226.
AN Xin, DAI Zi-biao, LI Yang, SUN Xiao, REN Fu-ji. End-to-End Speech Synthesis Based on BERT[J].

Computer Science, 2022, 49(4): 221-226.

RS (SR IE QISR EENE)

Similar articles recommended (Please use Firefox or IE to view the article)

BTz BiEN ESTRHEM LRSS 1E41R 5!

EEG Emotion Recognition Based on Spatiotemporal Self-Adaptive Graph ConvolutionalNeural Network

THEMRLE, 2022, 49(4): 30-36. https://doi.org/10.11896/jsjkx.210900200

B E PR R IEIE T R RHIE R SR TR B A
Link Prediction for Node Featureless Networks Based on Faster Attention Mechanism

THENRIE, 2022, 49(4): 43-48. https://doi.org/10.11896/jsjkx.210800276

Bt YOLOV3 WIEBIEBIRI AR R EIT /175 %
Human Abnormal Behavior Detection Method Based on Improved YOLOv3 Network Model

THENAIE, 2022, 49(4): 233-238. https://doi.org/10.11896/jsjkx.210300251

EF Word2Vec FIXuHEEINEI AlexNet-2 XA E5E
Text Classification Method Based on Word2Vec and AlexNet-2 with Improved AttentionMechanism

THENRIE, 2022, 49(4): 288-293. https://doi.org/10.11896/jsjkx.211100016

ETF R FEZREARF I
Friend Closeness Based User Matching

HHENRIE, 2022, 49(3): 113-120. https://doi.org/10.11896/jsjkx.210200137


https://www.jsjkx.com/CN/Y2022/V49/I4/221
https://www.jsjkx.com/EN/Y2022/V49/I4/221
https://www.jsjkx.com/CN/Y2022/V49/I4/30
https://www.jsjkx.com/CN/Y2022/V49/I4/43
https://www.jsjkx.com/CN/Y2022/V49/I4/233
https://www.jsjkx.com/CN/Y2022/V49/I4/288
https://www.jsjkx.com/CN/Y2022/V49/I3/113

0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 210300071

E T BERT Min B imiEE A M AL

2 2 RKRFE ZT B # B EE4
AEIVAFTENSEEFK A 230601
ATV AEFHERITESAHA LRI BLHRELEALEHE 4 JE 230601

(xin. an@hfut. edu. cn)

i E AN ATRNNGAHZEMAETSRBERNEFRRAMNLERTRARARKEZRZLEEZRGFM, R E T —F KT BERT
W 3% B 5595 F AR kL BB S A k09 Seq2Seq M P AE R B 2 & B AAH] (Self-Attention Mechanism) BAX, RNN 4 % % 44 %,
% 7 EAE A TR 44509 BERT 48 A AR 49 45 55 22 (Encoder) A A8 LA R A& PRI E T 42 &, i A 2 (Decoder) X A 5 &
F A mAEAE Tacotron2 A8 B &9 R A #r b A RIR#, G AL A D 4 4F 49 WaveGlow M & W45 RAFEH ML ARLHFTRER. &%
7 ik A2 T 4k BERT #9 & ah bl 3 8 & AL T 3545 5 R K08 R D I 4k A Dl 2R 0 ), Rl ot #5802 8 72 & 7 (Sell-Atten-
tion) AU 3B T VA FF 4T3 H 4 A 5 P a9 TE KR A A oA R GPU #9 50473 JE 88 A A48 & D 48 20 3 L 5F Ak B 2048 AR 2 A2 4R B
Fl# ., 5 Tacotron2 M e 2tk LI K B, L P BB A LB £ /53] 5 Tacotron2 BER AL L R 69 A s b Jedl % ik F 4R A
1 £%.,

KR BT A R ERAT 2 W % 5 Seq2Seq; WaveGlow; iE & /1 AL 4|

REESES TP391

End-to-End Speech Synthesis Based on BERT

AN Xin,DAI Zi-biao, LI Yang,SUN Xiao and REN Fu-ji
School of Computer and Information, Hefei University of Technology, Hefei 230601, China

Anhui Province Key Laboratory of Affective Computing and Advanced Intelligent Machine, Hefei University of Technology, Hefei 230601, China

Abstract To address the problems of low training and prediction efficiency of RNN-based neural network speech synthesis mo-
dels and long-distance information loss,an end-to-end BERT-based speech synthesis method is proposed to use the Self-Attention
Mechanism instead of RNN as an encoder in the Seq2Seq architecture of speech synthesis. The method uses a pre-trained BERT
as the model's Encoder to extract contextual information from the input text content, the Decoder outputs the Mel spectrum by
using the same architecture as the speech synthesis model Tacotron2,and finally the trained WaveGlow network is used to trans-
form the Mel spectrum into the final audio result. This method significantly reduces the training parameters and training time by
fine-tuning the downstream task based on pre-trained BERT. At the same time,it can also compute the hidden states in the en-
coder in parallel with its Self-Attention mechanism,thus making full use of the parallel computing power of the GPU to improve
the training efficiency and effectively alleviate the remote dependency problem. Through comparison experiments with the Taco-
tron2 model, the results show that the model proposed in this paper is able to double the training speed while obtaining similar re-
sults to the Tacotron2 model.

Keywords Speech synthesis, Recurrent neural network(RNN) , Seq2Seq, WaveGlow, Attention mechanism
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Fig. 2 System architecture of Tacotron2
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