
Real-time neural text-to-speech with sequence-to-sequence acoustic model

and WaveGlow or single Gaussian WaveRNN vocoders

Takuma Okamoto1, Tomoki Toda2,1, Yoshinori Shiga1, and Hisashi Kawai1

1National Institute of Information and Communications Technology, Japan
2Information Technology Center, Nagoya University, Japan

{okamoto, yoshinori.shiga, hisashi.kawai}@nict.go.jp, tomoki@icts.nagoya-u.ac.jp

Abstract
This paper investigates real-time high-fidelity neural text-to-

speech (TTS) systems. For real-time neural vocoders, Wave-

Glow is introduced and single Gaussian (SG) WaveRNN is pro-

posed. The proposed SG-WaveRNN can predict continuous val-

ued speech waveforms with half the synthesis time compared

with vanilla WaveRNN with dual-softmax for 16 bit audio pre-

diction. Additionally, a sequence-to-sequence (seq2seq) acous-

tic model (AM) for pitch accent languages, such as Japanese,

is investigated by introducing Tacotron 2 architecture. In the

seq2seq AM, full-context labels extracted from a text ana-

lyzer are used as input and they are directly converted into

mel-spectrograms. The results of subjective experiment us-

ing a Japanese female corpus indicate that the proposed SG-

WaveRNN vocoder with noise shaping can synthesize high-

quality speech waveforms and real-time high-fidelity neural

TTS systems can be realized with the seq2seq AM and Wave-

Glow or SG-WaveRNN vocoders. Especially, the seq2seq AM

and WaveGlow vocoder conditioned on mel-spectrograms with

simple PyTorch implementations can be realized with real-time

factors 0.06 and 0.10 for inference using a GPU.

Index Terms: speech synthesis, neural vocoder, WaveGlow,

WaveRNN, text-to-speech

1. Introduction

Real-time text-to-speech (TTS) techniques are among the

most important speech communication technologies. Thanks

to recent advances in deep learning, hidden Markov mod-

els (HMMs) have been replaced by deep neural networks

(DNNs) [1] for the duration and acoustic models in statisti-

cal parametric speech synthesis (SPSS). Although conventional

DNN-based SPSS systems with source-filter vocoders (for ex-

ample, STRAIGHT [2]) can realize real-time synthesis [1,3,4],

the synthesized speech quality is not very high. This is be-

cause of the pipeline structure, which separately trains the du-

ration and acoustic models, and the introduction of source-filter

vocoders.

To solve these problems, a neural network-based autore-

gressive (AR) generative model for raw audio, WaveNet,

has been proposed [5]. Unlike conventional SPSS sys-

tems, WaveNet can directly synthesize speech waveforms from

duration-predicted linguistic features with fundamental fre-

quencies, and it outperforms conventional TTS systems [5]

based on unit selection and SPSS. By focusing on the high

performance of raw waveform modeling in WaveNet, neural

vocoders that directly synthesize raw speech waveforms from

acoustic features have been proposed [6, 7]; these outperform

conventional source-filter vocoders in SPSS [8].

Additionally, such neural vocoders can realize end-to-end

TTS, converting text to raw speech waveforms with sequence-

to-sequence (seq2seq) neural networks [9–15]. Although con-

ventional SPSS systems separately train duration and acoustic

models, these seq2seq models can jointly train them simultane-

ously without a pipeline structure. By introducing a seq2seq

model and a neural vocoder, to solve the pipeline structure

and source-filter vocoder problems in conventional SPSS, the

speech quality of English synthesized by Tacotron 2 can match

that of natural speech [12]. In Tacotron 2, input characters are

directly converted to mel-spectrograms with the seq2seq model,

and speech waveforms are synthesized from the predicted mel-

spectrograms by an AR WaveNet vocoder [12]. However, these

seq2seq models cannot be used directly for pitch accent lan-

guages, such as Japanese [15, 16], and the synthesis speed of

AR WaveNet is quite slow because the sequential synthesis of

each sample requires substantial calculation time [5, 6].

Seq2seq acoustic models (AMs) for Japanese, with sep-

arately embedded phoneme and accentual-type sequences in-

stead of characters, have been investigated [16]. However, these

seq2seq AMs were found to be inferior to conventional pipeline

models with full-context label input [16]. This result indicates

the importance of full-context labels for pitch accent languages.

To overcome the synthesis speed problem in the AR

WaveNet and SampleRNN neural vocoders [5, 6], two types

of solutions have been proposed. The first type comprises

AR models with simple structures, such as FFTNet [17], Wa-

veRNN [18], and LPCNet [19]. In particular, WaveRNN and

LPCNet can realize real-time synthesis using a mobile CPU

by introducing a sparse gated recurrent unit (GRU). The other

type of solution comprises flow-based [20] non-AR models that

simultaneously generate all speech samples, such as parallel

WaveNet [21–23] and WaveGlow [24]. Additionally, an al-

ternative real-time approach, neural source-filter (NSF) [25],

has been proposed. Real-time neural TTS systems with paral-

lel WaveNet [21] and WaveRNN [18] have been realized, with

duration-predicted linguistic features and fundamental frequen-

cies, such as AR WaveNet TTS [5]. Additionally, WaveRNN

can also be conditioned on mel-spectrograms [26].

To realize real-time high-fidelity neural TTS systems for

pitch accent languages, this paper investigates a seq2seq AM for

pitch accent languages and real-time neural vocoders for TTS.

By focusing on the importance of full-context labels for pitch

accent languages, a seq2seq AM with full-context label input is

investigated. Unlike parallel WaveNet [21–23], based on the in-

verse autoregressive flow [27] and NSF, WaveGlow models can

be trained directly, without teacher–student training and funda-

mental frequency analysis. Therefore, WaveGlow is introduced

as a real-time neural vocoder. In addition, inspired by AR single

Gaussian (SG) WaveNet [22] and FFTNet [23], SG-WaveRNN

is proposed as a real-time AR neural vocoder; this is because

it has potential for real-time synthesis with a mobile CPU if
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Figure1:Sequence-to-sequenceacousticmodelwithfull-

contextlabelinputbasedonTacotron2architecture.

asparseGRUcanalsobederived[18,19],whereasWaveG-

lowrequiresaGPU.Byintegratingtheseq2seqAMandneural

vocoders,real-timeneuralTTSsystemscanberealized.

2.Sequence-to-sequenceacousticmodel
withfull-contextlabelinput

Theseq2seqAMsforJapanesewithseparatelyembedded

phonemeandaccentual-typesequencesareinferiortoconven-

tionalpipelinemodelswithfull-contextlabelinput[16].This

indicatesthatonlyphonemeandaccentual-typeinputisinsuffi-

cient,andfull-contextlabelinputmightbeimportanttoseq2seq

AMsforpitchaccentlanguages.Therefore,aseq2seqAMwith

full-contextlabelinput,ratherthanphonemeandaccentual-type

sequences,isinvestigated,byextendingtheseq2seqarchitec-

tureofTacotron2[12].

Phoneme-levelfull-contextlabelsareobtainedaslinguis-

ticfeaturesfromatextanalyzer.InconventionalpipelineTTS

frameworks,durationmodelsarefirsttrainedfromthelabel

vectors,andAMspredictingacousticfeaturesforsource-filter

vocodersarethentrainedfromthephoneme-levelvectorsor

theHMMstate-alignedframe-levelvectors[3,4].Inthispa-

per,aseq2seqAMthatpredictsmel-spectrogramsforneural

vocodersisdirectlytrainedfromthephoneme-levelfull-context

labelvectors.Full-contextlabelvectorstypicallyincludepast

andfuture2contexts.Asin[3],thesepastandfuture2contexts

arealsoreducedintheseq2seqAMbecauseitcanaccessthe

pastandfuturecontextsthroughitsbidirectionalrecurrentcon-

nections.Theseq2seqAMarchitectureisalmostthesameas

thatofTacotron2exceptforitsinputmodules(Fig.1).Unlike

Tacotron2,phoneme-levelfull-contextlabelvectorsextracted

fromatextanalyzerareinputtoa1×1convolutionlayerin-

steadofusingcharacterinputandanembeddinglayer.The

seq2seqAMisnotanend-to-endframeworkbutalanguage-

independentframework,becausephoneme-levelfull-contextla-

belsforalllanguagescanbeintroduceddirectly.

3.Real-timeneuralvocodersforTTS

NeuralvocodersforTTSaretrainedfromtheground-truthmel-

spectrogramsinthetrainingset,andspeechwaveformsfor

TTSaresynthesizedfrommel-spectrogramspredictedbythe

seq2seqAMwithfull-contextlabelinput.

3.1.WaveGlow

WaveGlow[24]isapromisingdeepgenerativemodelforraw

audiothatintegratesagenerativemodelforimages,Glow[28],

withWaveNet[5].Duringtraining,aninputspeechwaveform

xisconvertedtoGaussianwhitenoisez.Conversely,aspeech

waveformisgeneratedfromGaussianwhitenoisebythein-

verseoperationsduringtheinferencephase.Byintroducingthe

invertible1×1convolutionandaffinecouplinglayers,theloss

functionoftheWaveGlowvocoder,withnetworkparametersθ

conditionedonacousticfeatureh,isderivedas

−logpθ(x)=

z(x)
T
z(x)

2σ
2

WG

−
∑

j=0

logsj(x,h)−
∑

k=0

log|det(Wk)|,(1)

wheresj,Wk,andσ
2

WGaretheoutputcoefficientsofthe

jthWaveNet(correspondingtothestandarddeviationinSG-

WaveNet[22,23])intheaffinecouplinglayers,thekthweight-

ingmatrixoftheinvertible1×1convolutionlayers,andthe

assumedvarianceoftheGaussiandistribution,respectively.Be-

causeoftheirsophisticatedstructure,WaveGlowmodelscanbe

traineddirectly,withouttheneedforteacher–studenttraining,

forparallelWaveNet[21–23],andallspeechsamplescanbe

synthesizedsimultaneously,withacousticfeatureshandGaus-

sianwhitenoisez[24].

3.2.ProposedsingleGaussianWaveRNN

InvanillaWaveRNN,dual-softmaxisintroducedforpredicting

16-bitrawaudio,insteadofthe8-bitµ-lawcodingdefinedin

G.711[29],whichisusedinWaveNet[5],FFTNet[17],and

LPCNet[19],asshowninFig.2(a)
1
.However,twosamplings

arerequiredtosynthesizeoneaudiosampleinvanillaWav-

eRNN.

Toreducethenumberoftimesofsamplingwhilepredict-

ing16-bitrawaudiowaveforms,SG-WaveRNNisproposed,

asshowninFig.2(b).AsinARSG-WaveNet[22]andFFT-

Net[23],theconditionaldistributionofp(xt|x<t,θ;h)isde-

finedas:

p(xt|x<t,θ;h)=N(µ(x<t;θ),σ(x<t;θ)),(2)

whereµ(x<t;θ)andσ(x<t;θ)arethemeanandstandardde-

viation,respectively,predictedbytheproposedSG-WaveRNN.

Networkparametersθaretrainedusingmaximumlikelihood

estimation[22]withthefollowinglossfunction.

−logp(xt|x<t)=
1

2
log2π+

1

2
logσ

2

t+
(xt−µt)

2

2σ
2
t

.(3)

IntheproposedSG-WaveRNN,additionalfeedforwardlayers

OhandOxareintroduced,liketheconditioningstructurein

FFTNet[17].BytheproposedSG-WaveRNN,comparedwith

vanillaWaveRNN,continuous-valuedspeechwaveformscanbe

predictedwithasimplerstructureandhalfthesynthesistime.

1
Themethodofinputtingconditioningvectors,suchaslinguisticor

acousticfeatures,toaGRUlayerisnotdisclosedin[18].Therefore,
inthispaper,upsampledacousticfeaturesaresimplyconcatenatedwith
coarseandfineaudiovectors.AmaskedGRU(Fig.2(a))alsoincludes
amaskedmatrix,wherebythelastcoarseinputctisonlyconnectedto
thefinepartofthestatesandonlyaffectsthefineoutputft,asin[18].
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Figure 2: WaveRNN training structure.

3.3. Time-invariant noise shaping for neural vocoders

To reduce the adverse effects of noise signals caused by pre-

diction errors in neural vocoders, time-invariant noise shap-

ing based on perceptual weighting techniques can improve the

synthesis quality of categorical and SG WaveNet and FFTNet

vocoders [23, 30–32]. Therefore, this noise shaping method

is also applied to the WaveGlow and SG-WaveRNN vocoders.

In LPCNet, a simple linear predictive coding, instead of noise

shaping, is applied for the same purpose [19].

4. Experiments

4.1. Experimental conditions

To evaluate the seq2seq AM with full-context label input, as

well as the WaveGlow and proposed SG-WaveRNN vocoders,

experiments were conducted using a Japanese female speech

corpus with a sampling frequency of 24 kHz. 25,626 (about

22 h) and 20 utterances were used as the training set and test

set, respectively. The WaveGlow and SG-WaveRNN vocoders

were compared with the AR SG-WaveNet [22, 23], vanilla Wa-

veRNN [18], and STRAIGHT [2] vocoders as references. As

in [7, 23, 33], the SG-WaveNet, vanilla WaveRNN, and SG-

WaveRNN vocoders, with simple acoustic features (SAF) con-

structed from the fundamental frequency and mel-cepstra [34,

35], were also evaluated for conventional pipeline SPSS sys-

tems. In the neural vocoders, both the analysis–synthesis (AS)

and TTS conditions were evaluated. In the AS condition, the

neural vocoders were trained from SAF or mel-spectrograms,

and the AS waveforms were synthesized with the test sets’

acoustic features. In the TTS condition, mel-spectrograms

were predicted by the seq2seq AM with full-context label in-

put, and the TTS waveforms were synthesized by the neural

vocoders trained in the AS condition with the predicted mel-

spectrograms.

Acoustic features h for SAF were analyzed every 5 ms over

a Hann window with length 25 ms. Fundamental frequency fo,

(a) Original mel-spectrogram (b) Predicted mel-spectrogram

(c) Predicted alignment

Figure 3: Results of (a) original and (b) predicted mel-

spectrograms and (c) predicted alignment for a test set.

analyzed by an NDF algorithm [36], was used in all vocoders

with SAF [23, 32, 33] and STRAIGHT. 35-dimensional mel-

cepstra were analyzed from a simple short-time Fourier trans-

form of windowed speech waveforms with warping coefficient

α = 0.46. In the neural vocoders with SAF, (1+1+35 =) 37-

dimensional vectors constructed from continuous logarithmic

fo, voice/unvoice one-hot vector, and mel-cepstra (normalized

to have a zero mean and unit variance) were used. In the neural

vocoders with mel-spectrogram input, 80-dimensional log-mel-

spectrograms were analyzed every 12.5 ms over a Hann window

with length 85.3 ms, with a frequency band 125–7,600 Hz and

normalized to the range of [0, 1], as in [12, 23].

Transposed convolution was also applied for the upsam-

pling layers [5] and an Adam optimization algorithm was intro-

duced in all of the neural network models. All neural network

models were trained using four NVIDIA Tesla V100 GPUs.

In AR SG-WaveNet, the numbers of residual and skip chan-

nels were both set to 128. Twenty layers (10 dilations × 2 cy-

cles) with a kernel size of two were used for the dilated causal

convolution layers, as in [22, 23]. The learning rate, batch

length, and batch size were 0.0002, 12,000 samples, and 8, re-

spectively.

In vanilla WaveRNN and SG-WaveRNN, the numbers of

input and output channels of the feedforward and GRU layers

are described in Fig. 2. The learning rate, batch length, and

batch size were 0.0001, 1,200 samples, and 256, respectively.

In WaveGlow, all of the network parameters were the same

as used in [24]. The batch length and batch size were 16,000

samples and 8, respectively. As in [24], the learning rate was

initially set to 0.0001 and reduced to 0.00005. In this paper,

σWG = 1.0 in Eq. (1) was used for both training and inference.

Like [23, 30–32], a mel-generalized cepstrum-based [34]

noise shaping filtering, implemented by the mel-log spectrum

approximation (MLSA) filter [35], was introduced, which could

be calculated immediately by IIR filtering. A parameter to con-

trol noise energy in the formant regions was also set to 0.5.

In STRAIGHT, only the AS condition was evaluated. Both

35-dimensional mel-cepstra, with α = 0.46 for the smooth vo-

cal tract spectrum and aperiodicity components, were obtained

from the original STRAIGHT spectrum and aperiodicity coeffi-

cients (1025 dimensions) and the vocoded waveforms were syn-

thesized using the compressed mel-cepstra.

In TTS, the full-context labels were extracted by a text ana-

lyzer used in [37] and an actually implemented TTS system for

VoiceTra2. Although the number of dimensions of the linguis-

2https://voicetra.nict.go.jp/en/index.html
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mel-spectrograms, text-to-speech, and noise shaping, respectively.

tic feature vectors for a frame-wise DNN acoustic model was

483 [37], that for the seq2seq AM was 130 because the past and

future 2 contexts were reduced, as described in Sec. 2. The label

vectors were normalized to have a zero mean and unit variance.

The number of output channels of the 1 × 1 convolution layer

was 512. The model parameters of the seq2seq AM after the

3 convolution layers were the same as used in Tacotron 2 [12].

The learning rate and batch size were 0.001 and 32, respectively.

Figure 3 shows the results of the original and predicted mel-

spectrograms, and the predicted encoder–decoder alignment for

a test set. The results suggested that the alignment, as well as the

mel-spectrograms, can be successfully trained by the seq2seq

AM with full-context label input. The TTS speech waveforms

were then synthesized by the neural vocoders with the mel-

spectrograms predicted by the seq2seq AM.

4.2. Subjective evaluation

To subjectively evaluate the synthesized speech waveforms,

mean opinion score (MOS) tests [38] were conducted3. All 20

utterances of the test set were used as the evaluation set. These

were presented through headphones to 15 Japanese adult native

speakers without hearing loss (20 utterances × 18 conditions

including the original test set waveforms = 360 utterances).

The MOS results are plotted in Fig. 4. The synthesis

qualities of the vanilla WaveRNN and proposed SG-WaveRNN

vocoders, conditioned on both SAF and mel-spectrograms,

were drastically improved by the noise shaping, although the

training loss scores without noise shaping were lower than those

with noise shaping. Conversely, the synthesis qualities for the

WaveGlow vocoders with noise shaping were slightly degraded.

This is because noise shaping can improve the robustness to se-

quential prediction errors in AR neural vocoders. Therefore, the

noise shaping is only effective for AR neural vocoders. In par-

ticular, neural TTS systems with the seq2seq AM and AR SG-

WaveNet, proposed SG-WaveRNN, and WaveGlow vocoders

can successfully realize high synthesis quality, with MOS val-

ues over 4.0. Therefore, the seq2seq AM with full-context label

input is effective for pitch accent languages.

4.3. Real-time factor evaluation

To evaluate the synthesis speed of the neural vocoders condi-

tioned on mel-spectrograms, as well as the seq2seq AM, the

real-time factors (RTFs) were measured, with an NVIDIA Tesla

V100 GPU. In this paper, all modules were realized by sim-

3Because TTS of vanilla WaveRNN with noise shaping cannot re-
alize high-quality synthesis, it was not included in the MOS tests. The
poor quality might be caused by the absence of feedforward layers for
acoustic feature input.

ple PyTorch4 implementations. The RTFs of the seq2seq AM

and WaveGlow for inference were 0.06 and 0.10, respectively.

In contrast, the RTFs of AR SG-WaveNet, vanilla WaveRNN,

and SG-WaveRNN were 205, 15.4, and 8.3, respectively. The

result was almost equivalent to that with simple TensorFlow5

implementations in [18]. The proposed SG-WaveRNN can syn-

thesize speech waveforms with little more than half of the in-

ference time required by vanilla WaveRNN. To achieve real-

time synthesis of SG-WaveRNN with a GPU, GPU kernel im-

plementations (without PyTorch and TensorFlow) are required,

as in [18, 19]; this is a focus of future work.

Consequently, a real-time high-fidelity neural TTS system

can be realized by the seq2seq AM with full-context label input

and the WaveGlow vocoder with an RTF of 0.16 by using a

GPU, even with the use of a simple PyTorch implementation.

5. Future work

In this paper, neural vocoders trained from the ground-truth

mel-spectrograms were used in TTS. To improve the synthe-

sized speech quality in TTS, mel-spectrograms predicted by

AMs should also be used for neural vocoder training, as with

Tacotron 2 [12]. The WaveGlow and SG-WaveRNN neural

vocoders should be compared with parallel WaveNet [21–23],

LPCNet [19], and NSF [25]. To realize real-time synthesis for

SG-WaveRNN, a GPU kernel implementation is required, as

in [18, 19]. Additionally, sparse (and subscale) modifications

for SG-WaveRNN should also be investigated for real-time

synthesis with a mobile CPU, as with [18, 19]. Furthermore,

the seq2seq AM with full-context label input should be com-

pared with the conventional duration–acoustic pipeline mod-

els [3, 4, 8, 25], direct waveform generation methods with du-

ration predicted linguistic features [5,18,21], and other seq2seq

approaches with character or phoneme input [10–16] for other

languages.

6. Conclusions

This paper provided real-time high-fidelity neural TTS systems

using a seq2seq AM with full-context label input and the Wave-

Glow and SG-WaveRNN vocoders. The results of experiments

indicated that the proposed SG-WaveRNN with noise shaping

can synthesize high-quality speech Waveforms, and a real-time

high-fidelity neural TTS system for Japanese can be realized by

the seq2seq AM and the WaveGlow vocoder with an RTF of

0.16 using a GPU, even if a simple PyTorch implementation is

used.

4https://pytorch.org
5https://www.tensorflow.org
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