
IPSJ SIG Technical Report

F0

1,a) 2 1 1

F0

F0 F0

F0 F0

F0 F0

1.

F0

F0

F0

[1]

F0

[2] F0

F0

[3]

[4–6]

1 NTT
NTT Communication Science Laboratories, Atsugi, Kana-
gawa 243–0198, Japan

2

The Institute of Statistical Mathematics, Tachikawa, Tokyo
190–8562

a) ohishi.yasunori@lab.ntt.co.jp

1 F0 : MIDI

Fig. 1 Musical note sequence of melody and F0 contour of
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Fig. 2 An example allotment of input space in the MoGPEs.

Each elliptical region represents a two-dimensional full

covariance Gaussian distribution. The shaded regions

are owned by the same GPE.

y = [y1, . . . , yT ]
T (Gaussian

process regression, GPR)

y ∼ GP(y;0,K + η2I) = N (y;0,K + η2I) (3)
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Fig. 3 Graphical representation of our model

[12,14] [12] MoGPEs
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Fig. 4 Gram matrix based on multiple kernel learning

Xr Tr × Tr

4

kr(xi,xj) = w2
r

M∑
m=1

ψr,mkr,m(xi,xj) (7)

Kr w2
r

ψr,m [15,16]

xi,xj ∈ Xr,
∑M

m=1 ψr,m = 1 M

kr,m(xi,xj) 2

[17]

kr,m(xi,xj) = k(p)r,m(x
(p)
i , x

(p)
j )k(c)r,m(x

(c)
i ,x

(c)
j ) (8)

k
(p)
r,m(x

(p)
i , x

(p)
j ) k

(c)
r,m(x

(c)
i ,x

(c)
j )

xi

x
(p)
i ,x

(c)
i

SE

k(p)r,m(x
(p)
i , x

(p)
j ) = exp

(
− (x

(p)
i − x

(p)
j )T(x

(p)
i − x

(p)
j )

2l
(p)
m

2

)

k(p)r,m(x
(p)
i , x

(p)
j ) = exp

(
−2 sin2

(
l
(p)
m

2π
(x

(p)
i − x

(p)
j )

))

SE

k(c)r,m(x
(c)
i ,x

(c)
j ) = exp

(
− (x

(c)
i − x

(c)
j )TΛ(x

(c)
i − x

(c)
j )

2

)

Λ−1 = diag(l
(c)
m,1

2
, l

(c)
m,2

2
, . . . , l

(c)
m,Dc

2
)

Θ = {z1, . . . , zT , θx1 , . . . , θxR, θGP
1 , . . . , θGP

R } Ω =

{α,m0,W 0, β0, ν0, l
(p)
1 , . . . , l

(p)
M , l

(c)
1,1, . . . , l

(c)
M,Dc

}

c© 2014 Information Processing Society of Japan 3

Vol.2014-MUS-103 No.49
2014/5/25



IPSJ SIG Technical Report

Dc x
(c)
i

x∗ y∗
(4) MoGPEs

p(y∗|D,x∗,Θ,Ω) (9)

=
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4.

F0

RWC

: (RWC-MDB-P-2001) [24]

10 (No. 38, 39, 42, 44, 45, 46, 64, 72, 74,

76) F0 [25]

MIDI

1 RMSE

Table 1 Average RMSEs for MoPRs and our model (MoGPEs)

R 10 20 30 40 50

MoPRs 71.8 59.7 73.1 79.6 56.5

MoGPEs 25.0 24.0 23.9 23.1 22.3

5

Fig. 5 Comparison of the prediction results: blue, green, and

red lines correspond to the actual outputs, the result of

the MoPRs, and the result of the MoGPEs, respectively.

F0

xt F0 yt

10 ms F0

No. 38, 39, 42, 44, 45

No. 46, 64, 72, 74, 76

649.3 625.6

{xt} k-means

θxr M = 216 θGP
r

w2
r = 100, ψr,1 = 1/M, . . . , ψr,M =

1/M, η2r = 10 (r = 1, . . . , R)

*1 50

(9)

(Root mean square error,

RMSE)

RMSE =
√∑Tt

t=1(yt − μ∗,t)2/Tt, (11)

Tt

(Mixture of polynomial

*1 D 4 α = 1, β0 = 0.1, ν0 =
D+1 m0 W 0

ν0

SE {l(p)m ,m = 1, . . . , 108|0.05, 0.11, 0.23, 0.5}
{l(p)m ,m = 109, . . . , 216|0.13, 0.15, 0.17, 0.2}

{l(c)m,1|1, 2.2, 5}
{l(c)m,2|1, 2.2, 5} {l(c)m,3|0.1, 0.55, 3}

c© 2014 Information Processing Society of Japan 4

Vol.2014-MUS-103 No.49
2014/5/25



IPSJ SIG Technical Report

2 RMSE

Table 2 Average RMSEs for the number of songs in training

data

1 3 5

MoGPEs 22.3 20.7 20.5

6 F0

Fig. 6 Singing voice conversion for expression in F0 contour

regression experts, MoPRs) (6) GPR

n
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Fig. 7 F0 contours before and after singing voice conversion
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