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1. Introduction Deep Auto-encoder based feature extraction

» Statistical approach, non-linear, deep

Statistical parametric speech synthesis (SPSS) - Effective low-dimensional features are extracted [Takaki et al.; 15]
* HMM-based speech synthesis [Tokuda et al.; 00] FFT spectra or raw speech signal input for the DNN
* DNN-based speech synthesis [Zen et al.; 12] « WER improvement in ASR fields [Sainath et al.; 15]

DNNs have high potential in SPSS - Investigating whether or not the DNN can find better feature from
* Further Investigation of DNNs for other tasks in SPSS is needed simple FFT spectra representation in SPSS

2. Deep Auto-encoder based Low-dimensional Feature Extraction

Deep Auto-encoder (DAE)

Spectrum Spectrum Spectral amplitude  Typical purpose is dimensionality reduction
(FFT or STRAIGHT) (FFT or STRAIGHT) « Same features are used as input and output
Et (Spectra obtained from STRAIGHT [Takaki et al.; 15])
Bilinear transform Bilinear transform >——§Dc_u » Outputs of a encoder part can be used as
Frequen(iy — Frequenc;y — O dimensionality reduced features
spectrum spectrum . Statistical and unsupervised approach
3T » Data driven, speaker dependent
DCT Deep auto-encoder UEJCL  Automatically extract appropriate feature
Y v s . . . R
Mel-cepstrum Bottleneck feature EXtraCtmg ow-dimensional
Spectral amplitude . spectral parameter from FFT spectra )
3. Experiments . Systems
Dataset Spectral |Aperiodicity| Feature |Acoustic| Synthesis
Training : 12,085 utts. (17hours), Test : 200 sentences System envelope | measure |Extraction| model | module
-Feature & Architecture HMM Mel-cep | AMM
; ) SRT-MCP STRAIGHT | STRAIGHT | Mel-cep STRAIGH
60-dim spectrum parameter+A + A
og FO+A + A? SRT-DAE DAE
-eature vector Voice/unvoice parameter (DNN) WRD-MCP WORLD Mel-cep
25-band aperiodicity +A + AZ WRD-DAE DAE NN
HMM AM 5-state left-to-right HSMM without skip transition FFT-MCP FFT WORLD Mel-cep WORLD
DNN AM 5-hidden-layer (1024 x 5) FFT-DAE || (FO window) DAE
Deep Auto-encoder 5-hidden-layer (2049-500-60-500-2049) FFTF-MCP FFT Mel-cep
Post-filter (NN) 2-hidden-layer (2048 x 2) FFTF-DAE ||(Fix window) DAE
-Synthesized running log spectrum - Subjective results w/ (left) and w/o (right) GV or post-filter techniques
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WRD-MCP @««W@Wfﬁ// i : . M%BTM o —‘215}%9 —%%% DF[%ET | N‘%)T—T% ﬁ . %AFCTPF Y HMM(GV)  WRD-MCP(SPPF) FFT-DAE(NNPF)
FFT-MCP ¢ W( il HMM system v.s. DNN-based systems
o » HMM was rated lower than other DNN-based acoustic model systems
FFTF-MCP M’( z zf i b il 3 — DNN-based acoustic model predicted more natural acoustic features
‘ STRAIGHT v.s. WORLD
SRT-DAE fffffff : > ’ » Systems using WORLD vocoder were rajce.d slightly higher than STRAIGHT
M Wffﬁﬁ i i | ones, although differences were not significant
WORLD v.s. FFT
WRD-DAE ¢ m r -  FFT(F)-MCP systems were rated lower than WRD-MCP
* Interestingly, FFT(F)-DAE systems significantly outperformed all other
FFT-DAE E L | WORLD-based systems
i WW N » FFT(F)-DAE systems output more dynamic trajectory
EETE-DAR E W Results with GV or post-filter techniques
M Wff il i * Significant difference between HMM- and DNN-based AM remain
m « WRD-MCP(SPPF) have a slightly higher score than FFT-DAE(NNPF)
- - - e — High quality system without any assumption about spectral modeling
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* A joint optimization of the acoustic model and feature extraction
H B E B N NN N * Vocoder-free waveform generation
HM%BTMSC;ET—%%D —%%% —%%—Mg%—%ﬁf —%AF‘% AP » Use of raw speech waveform
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