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I. Objective and Scope

•To build synthetic voices from reverberant

speech data

•To study the usefulness of missing data impu-

tation and NMF feature enhancement in im-

proving the synthesized voices

II. Motivation

•Both missing data imputation and NMF fea-

ture enhancement show encouraging ASR re-

sults in the REVERB-2014 challenge [1]

•Reduction of baseline WERs by 43% and 34%

on SimData and RealData, respectively, with

clean training data.

•Reduction of baseline WERs by 18% and 17%

on SimData and RealData, respectively, with

multi-condition reverberant data for train-

ing.

III. Missing Data Imputation

Bounded Conditional Mean Imputation (BCMI)

[2]:

•Model the distribution of clean speech p(x) us-
ing a GMM

•Estimate the missing or unreliable part xu of

the noisy speech conditioning on the reliable

part xr as,

x̂u =
∫

xu

xup(xu|xr)dxu (1)

•Use the upper bound: x̂u < x
obs
u

IV. NMF Feature Enhancement

Modeling reverberation in NMF:

Y = RSA (2)

Y: TrC ×W stacked observation

R: TrC × TC filter matrix

S: TC ×N dictionary matrix

A: N ×W activation matrix

• (RS)A: modeling with a reverberated dictio-

nary

•R(SA): reverberating the NMF approximation

V. Feature Enhancement Algorithm

1.Estimate X̃ using BCMI

2. Iteratively update A in X̃ ≈ RSA with identity

R

3.Filter A to suppress consecutive nonzero acti-

vations

4. Initialize R to contain filter 1
Tf

[

1 . . . 1
]

on all

channels

5. Iteratively update R in Y ≈ RSA with fixed A

(under constraints rt+1,b < rt,b,
∑

t,b rt,b = C)

6. Iteratively update A in Y ≈ RSA with fixed R

•Then use X̂ = SA and Ŷ = RSA for feature en-

hancement, with a per-frame Wiener filter in

the mel-spectral domain

VI. Experimental Setup

•GlottHMM based TTS system

•TTS features: Vocal tract LSF, source LSF,

HNR, gain, F0

•BCMI and NMF feature: Mel spectral energies

derived from vocal tract LSFs

•Adaptation of average voice (TIMIT corpus)

using reverberant and enhanced features

•Only vocal tract LSFs are enhanced/adapted.

•Other features are borrowed either from the

average voice or from the reverberant data

for synthesis

VII. Subjective Listening

•Synthesized samples: http://research.ics.

aalto.fi/speech/demos/reverb-synth-is2014/

•Enhanced samples from the REVERB-2014

challenge: http://research.spa.aalto.fi/

speech/robust/kallasjoki-reverb14/

VIII. Objective Evaluation

Mel-cepstral distortion (MCD):

dmcd =

√

√

√

√2
d

∑

i=1

(ci − ĉi)2. (3)

where c and ĉ are clean and reverber-

ant/enhanced cepstra of dimension d.

Log-spectral distortion (LSD) (in dB):

dlsd =
1

L

L
∑

k=1

20× | log10 (X [k]/X̂ [k])| (4)

where X [k] and X̂ [k] are the clean and rever-

berant/enhanced mel magnitude spectra of L
bands.

Frequency weighted segmental SNR (FWS) (in

dB):

Sfws = 20
L
∑

k=0

W [k] log10{X [k]/|X [k]− X̂ [k]|}, (5)

where W [k] = Xγ[k]/
∑L

k=0X
γ[k] is the frequency

weight function. X [k] and X̂ [k] denote the mel

magnitude spectra over L bands for clean and

degraded/enhanced speech.

IX. Evaluation of Enhanced

Samples

TABLE 1: Objective scores comparing reverberant

(‘Reverb’) and enhanced features (‘BCMI’ and final

‘Enhanced’) against the clean reference features. The

lower the distortion measures (MCD and LSD) the

better, and the higher the similarity score FWS, the

better.

Meeting room Lecture room

Feature-type MCD LSD FWS MCD LSD FWS

Reverb 1.40 7.62 5.67 1.78 9.39 2.99

BCMI 1.47 8.06 5.67 1.75 9.11 3.65

Enhanced 1.38 7.50 6.24 1.67 8.84 3.71

X. Evaluation of Synthetic Samples

TABLE 2: Objective scores comparing streams syn-

thesized by different models against that of the clean

speaker-dependent model.

Cln-SpkDep vs diff. ‘data-Model’ combinations

Meeting room Lecture room

Data-Model MCD LSD FWS MCD LSD FWS

Rev-SpkDep 1.29 8.62 4.59 1.64 10.18 1.75

Rev-SpkAda 1.22 8.42 4.13 1.34 8.88 2.89

Enh-SpkAda 1.18 7.36 5.66 1.27 7.94 4.18

Cln-SpkDep vs Cln-AvgMod

Data-Model MCD LSD FWS

AvgMod-Cln 1.66 9.79 3.14

XI. Conclusions

•Adaptation of an average voice using rever-

berant data is better than building a speaker

dependent voice from the reverberant data

•Adaptation of the average voice using en-

hanced features is better than direct adapta-

tion using reverberant data

•Adaptation using the enhanced features re-

duces the distortion of synthesized samples

when compared with clean speaker depen-

dent voice samples
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