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Generative adversarial training of the noise generation model for
speech synthesis using speech in noise
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Fig. 1 Procedures of speech synthesis training using noisy

speech. In the conventional way, noise reduction is first
performed, then, the speech generator (i.e., acoustic
model) is trained to predict the noise-reduced speech
parameters. Our method directly predicts the noisy

speech parameters, considering noise addition process.

2. Spectral subtraction DO 000000
mean squared error OO0 OO0OOO
ooooon

O0000O0O0O0O0D0DDO spectral subtraction 00 OO
0000000000 0Omean squared error 000000
0oo0bOobO0oooon

2.1 Spectral subtraction 0000000

Spectral subtraction [13] D00 00000000000
000000000000000000000000000
00000000000000000000000000
0000000000 ¥y, =[Ya1, 2 Ynps »Yup,) O
0000000000000 0000000 gy, =
[Wnstr »YUnstr YUnsr] 00007, 0T000D0
000000000000000000000000
000000y, = e (D), g () e (F)]
U Yns,t = [yns,t 1,--- » Yns,t (f),--- » Yns,t (F)]T oo o
000+¢0000000000000000000000
000000000 f00000000000000F 0
0000000000000 0y, 00y, 0000000
ooooo

Spectral subtraction 1 0000000000 ¢S 0o
0Oo0o0ooooo



gooooooood
IPSJ SIG Technical Report

Vexp{yns,t (F)}2 — B (f)
if exp{yns: ()} > Bt (f)

0 otherwise

SS
explysy) ()} =

1)
e (1) = Y exb{uas (NP (2)

0o00o0p0000000000000O0O0O0ODOO0
goboobboooboobooobobooboo

2.2 Mean squared error 0000000000000
oo
goobobo0oobooboobobooooooobobo
0000000000 Gs(1) 0000 Gs(+) O neural net-
work 000000 [5],[16)0000000000000O0
00 z=[x{, - ,z, ,z5] 0O000G:(-) 0000
000000000000000000000 g,=Gs(x)
O ygs) 00D000000MSE: Mean Squaed Error(d O
obobo0ooooboobobobooooobooboooog
opooo

) (3 )
3)

1
Lyvise (ys7y£s )) T (y

23 00O

Spectral subtraction 0 000000000 OOOOO
000000000O0bO0ObOOO00O0oDOOobOooooog
O0D00D00O0O0Omusical noise 00000000 ODOO
O [8oo0o0io0oooo0o0ooooooooo
00000000D00o0O0bOO0bOobooooobDon

3. Uobooobboooobbooobn
gboogod

Oo0OODNNOOOOOOODO Fig. 20000000
00000000 Ge(n)OOOOoooUuoUod Gu(n)O
O0000G,()ODOOoOoooooooooooooo
ooooooooooooobooboooooooooooa
0000000 Ge(n)ODOOOUOoOoooooooooo
cooooooooocoobooOooooocOoobooooo
ooooooooon

00o0O0oO0oO0ooooOoO0o0oO0oOoOooOoooD Gs(n) O
G,()0O0O00UooOoOoUoooOoOoooooooooo
cooooooobooooooooOoooOOobOobOOon v,
O0000O000O00O00O000O00Do0nO Gu(-)oOo
O0000o00U00G,(O0ODoooooooooooQ
O000000000o00O0o0o0nD Gs(h)ooooo
O0G,()0OO0O0OD0O0O0O0oOooooooooo oo
oooo

© 2012 Information Processing Society of Japan

Params. of Params. of
generated speech noisy speech

~ s I H Yns
d L
MSE

i Non -speech
---------------- ‘region

Linguistic .
feats. Gs()

O 1 0
; : Lgan
Noise discriminator

Pre-training

H Label

Noise generator

02 0J0O0OO0ODNNOOOODOOOUDOODDOOOOD Gu(-)OO
goooooboooooooo
Fig. 2 Architectures of the proposed method. The noise gen-

eration model Gy, (-) randomly samples the noise.
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Fig. 3 Spectrograms of observed noise (above) and generated

noise (below). The generated noise is sampled frame by

frame independently.
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Fig. 4 Preference scores on synthetic speech quality (SNR =

0 dB).
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Fig. 5 Preference scores on synthetic speech quality (SNR =
5 dB).
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Fig. 6 Preference scores on synthetic speech quality (SNR =
10 dB).
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