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A Study of Sparse Approximation of Gram Matrices for GMMN-based

1.

Speech Synthesis

Abstract: To realize human-like synthetic speech, synthetic speech samples should change every time even if
the same sentences is spoken. In this context, we have proposed a technique of random sampling of synthetic
speech parameters based on generative moment matching network (GMMN). GMMN is a neural network
whose parameters are trained using conditional maximum mean discrepancy (CMMD) which represents the
distance of two distributions. An issue of GMMN is that CMMD is computationally infeasible for a large
amount of data, including speech synthesis database. In this report, we propose an approximation method
based on random Fourier features and minibatch selection technique using K-means clustering. In the sub-
jective evaluations, the proposed method outperformed the conventional one in the perception of inter-speech
diversity.

Keywords: Generative moment matching network, statistical speech synthesis, neural network, maximum
mean discrepancy, kernel method

gogboobobobobooboobuoobboooboon

gooo

0000oo0o0o0oooo (bNN)OODOOoOooooooo

a)
b)
o)

0o00o0oo0O ooo0 ooooo

G2-4, Nagatsuta-cho, Midori-ku, Yokohama, 226-8502,
Japan.

goo0o oooooobooboob oboboboog

7-3-1, Hongo, Bunkyo-ku, Tokyo, 113-8656, Japan.
koriyama@ip.titech.ac.jp
shinnosuke.takamichi@ipc.i.u-tokyo-ac.jp
takao.kobayashi@ip.titech.ac.jp

(© 2019 Information Processing Society of Japan

000000000000000[1),[2I00000000
DNNOODODOOOOOOO0O0O000000000000
00000000000000000000000000
00000000000000000000000000
00000000000000000000000000
00000000000000000000000000
00000000000000000000000000
00000000000000000000000000



gogoooooood
IPSJ SIG Technical Report

ooooogooon

gooooooooooooooooooooooo
000 (GMMN)OOOODODOOODoOOoooooooooo
O00o00o0o0ooo BoeGMMNOOOOOOoOOoOO
cobobobooooooooboooooooooooooo
coboooooooooobooooooboooobooooo
000000000000000000000GMMN O
cobobobooooooooooooooboooooooo
coboboboooooocooooooooboOooooooo
coboboodooooooobooooooOooooooo
cobooboooooocooboooooooOoobooooo
coooooooooooboOoooooooooooo
O00OO0D0ivector 000 400000000 OOOO
OO0oooOoooo b0 GMMNOOUOOOOOOOO
cooooooo

ooooGcGMMNOOOOOOOOOOOOOO0O0O0O0
ocoooooooooooooooooooo NDOOOoo
GMMNOOOOOOOO CMMDOOO OO maximum
mean discrepancy0 0 O(N?) 000000000000
cbooboooboooboooobooobooobooooooao
(O(N*)D00D0000000000000 (O(N?)) 0
cooobooooooooobooooooboOooobooooo
cMMDOOOOOOOOOOOOOOOOOOOO00OO
000 B000o0o0o0oo0ooooooooooooo
oooocCcMMDOOOOOOOOOODOOOOOOOO
cooooooooocoobooooooOoocOoobooooo
cobooboooooooobooOooooooobooooo
coobOoooobooooboooboooo

oooooooooooOoOOOGMMNOOOOOO
coooOoooooooobooooooooobooooo
coboooooooocoobooooooOoocOoobooooo
cooooooooocooobooooooOoboooobooooo
000000 random Fourier features (RFF)[6] O 0 00O
coooboooooooooooooobocooobooooo
OO000O0000000000000000 K-means O
cooooooooocoobooooooOobooobooooo
cooobooooooooboooooooooobooooo
coooooooooooobooocooboooOo 2000
cooobooooooooboooooooooboOooo
cooooooooocoobooooooOoboooobooooo
ooo

2. Maximum mean discrepancy [J [0 0 [
oood

2.1 MMD

0000000000 D0ODOO0DDOD0 maximum mean
discrepancy (MMD)[7] D0 000000O0OMMD O0OO
yOoooOoOoOoOOoOoD 20000 PO POODOOOOD

(© 2019 Information Processing Society of Japan

Vol.2019-SLP-126 No.1
2019/2/27

gooooooooooboooon

MMD =  sup |Ey~p[f(Y)] - E¢_plf(V)]] (1)

IfII<1,feF
000DO0FO0YyOODOOOODOOO KODOODOOODOO
00000 (reproducing kernel Hilbert space, RKHS) O
0000 (1)000 fO0D00O0O0ODOOUOODOUDOO
goooooboobooobooboooboboooboon
O00yUOo FOoOOOO ¢OO0OOOOO (1H)OOOOO
oooboboboooogd oo

Ey~p[f(Y)] = Ey~p(f,0(Y))F
= ([, Eypd(Y))r = (finv)r (2)

0000000 (,)000 FOO0DOO0OOOOOOOO
goood

MMD =  sup
IflI<1,fer

ooooooooogoo fo

(fs by — pg)F (3)

Ky — Py
= ()
Iy — pyll7

gooooooogg (1)DDDDDD
MMD? = ||uy — py |5
= (uy, py)r + (g iy )Fr — 2y py) 7o (5)

oooooo
00 POOOOOO Dy ={y1,...,yn} 000000
0000000000 @ = [é(y1),...,é(yy)] 0OODOO
ooob iy OODOOOOOOOOO
ﬂY:%q);lel (6)
O00O01axp 000000010 AxB)OO0OOOO
O0oO0oUooooOo (s)ooooo

1
by, py)F = N Tr [(@ylnx1) (Ro1g,,)]

1
= NN Tr [KY?lﬁxN] (7)

D0000000Kyy =®y®L 0 Dy, Dy 00000
uboobooboooobooocbooobooooooao
kE(,H)O00D000000DOO0DO0O0OO0 ¢()00O0ODoOooOo
O0o0oU0oO0o0ooU0oOoUoOonD (h)ooooooo
gobooocoooocooood
1 1
MMD2:ﬁTT[KYlexN]+ﬁTf[KYY1NxN]
1
207 Tr [Kyv1g.n) (8)

gooooooMMDOOOOOOOOOOOOOOOOO
oobooooooooooboocooboooooboooo
oobooooooooooboocoooooooboooo
gooo



gogoooooood
IPSJ SIG Technical Report

2.2 0000 MMD [8]

0020000 POPODOODDOODDO x(€X)
0000000000000 Y 000000000000
000000000O0OMMDOODOOOO feFO0000
000000000000000

Ey~p[f(Y;x)] — Ey_p[f(V;x)] (9)
fORKHS FOOOODOOODOOO0D0000 gy
0ooo

Ey~p[f(Y;x)] = (f, by |x)F (10)

000000000FO00O0RKHS GOOOOOO
$:X > G0000000000 puyix0 6000 9(x)
000000000000

py|x = Cy|x¥(x) (11)

000oo0o0oOoooooooon oy xoooooooo
000000000O0o0oo0o0o0o000000 Cyx00
000000 FegOOOOODOO

(f?NY\x>.7: = <.f’ CY\X¢(X)>.7: (12)
= (f ®9Y(x),Cy|x)Feg (13)

000000 (90000 O00000000000000
000 (9)000000000000000 g(x) = fRp(x)
ooooo

CMMD = sup

llg(x)lI<1
9(x)EF®G

(9(x), Cyix = Cyx)Feg  (14)

ooooMMDOOOODOO CMMDOOO
CMMD” = |[Cy x — Oy lFeg (15)

0ooo

000 D= {(x1,y1),...,(x1,yy)} 000000000
D0000 Cyx000000000000000000
0oooo 90

Cyjx = By (TxYx +A)ITx (16)

0000® = [By)...¢uyn]'0¥x =
[W(x1),...,0xy)]T DOO0DOXN> 00000000
00000000000 CMMDOOOOD

CMMDZZH@ﬂrXr§+AD*T§
2
—@~T-TT+AI*TTH

Y( XX ) X F&G

=Tr [KY,YI:I;(}XHX,XI:I)_(}X}
71 71

T [Ky g B Hy <HL

—2Tr [KY,?I:IT%XHX,XH)_(?X} (17)

(© 2019 Information Processing Society of Japan

Vol.2019-SLP-126 No.1
2019/2/27

00D000000Hyx="xY, 0000000000
O00000Hxx =Hy x+ANI000000000000
00000000

0000000000000 020000000
(x1,...,xy) 000000000000000000
H £ Hxx = Hyx = Hgxx 000O0CMMD 000
0000000000000

CMMD? = Tr [ (Ky,y + Ky g — 2Ky ¢ ) L] (18)

L=H+\)""HH+ ) ! (19)

MMDO CMMDOOOOOMMDOOOOOD YOO
o000 KOOOOOOOooOooOoooooooooo
CMMDOOOOOOOOODOOOODO LOOOOOOO
ooooOO0O000 LOoO0oO0ooooooOoOO0O00O00ooo
ooooooooooooooooococMMDOOOOO
ooooooooooooMMDOOOOOOOOOOO

3. GMNNOOOOOOOOo

GMMNOOOOOOOD Bj000oooooooo
goooooobooooooboooooooooboooo
gooobooooobooooooooooo 1004000
gooooooboooobooocoboooooooboooo
000 MSE)ODOOOOODO DNNOODNNOOOO
obobdbeddO0OnbOOO00OO00OO0O0OO0OOOOO
goooooooo GMMNOOOOOOOOOOOODO
OMSEOOODNNOOOOODODOOOOODODODOOO
000 eO0000GMMNOOOOOOODOOOOOMSE
O0O0DNNOOOOOOOOOOOOO eMMDOOO
ooboooooboooooboooooooOoooboooo
goo

cooooboooboooooOooOooboOoooooa
gbooobooooooobodobooocoooboboooon
oooOooooOOoOoOooooOGMMNOOOOOOOOO
OODOGMNNOOOO MSEOO DNNOOOOOOOO
GMNNOOOOOOOOOOOOoOoOoOoooooooo
gobooooobooooooocoooocoooboooo
gobooboooboocooooocobooooooboooo
ooboooooood

4. GMNNOUOOOOO CMMDOOOOD

cMMDOOOOOOOOOOOOOOOOOOOOO
OO0 NOOOOOOO (19ooooooooooooo
O(N>)ODODODOOOODOODDDOODODOOO0O0O0000
O(NH)DOOO0DDOO0O0D0D0D0OO0O00O0ONOOOOD
OocCMMDOOOOOOOOOOOOOOOOOODODO
ooboooooobooooobocoooooooboooo
gooooooooococMMDOOOOOOOOODOOD



gogoooooood
IPSJ SIG Technical Report

1 A R S— | 25

1751

2
» 1751

MSEEZEDNN

27X ]

01 GMMNOOOOOODODOODOOODOOODOOO
Fig. 1 Network of GMMN-based speech synthesis.
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Fig. 2 Comparison of approximation method of Gram matri-

ces for input variables.
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Fig. 3 Subjective evaluation on naturalness (1: too bad, 5:

very good).
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Fig. 4 Subjective evaluation on diversity of two synthetic
speech samples (1: completely equivalent, 5: very dif-

ferent).
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speech parameters.
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