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Algorithm 1 GPLVM
Require: XY K, T
Initialize X through PCA.

for T iterations do

Optimise Eq.(1) with respect to the parameters of
K using scaled conjugate gradients.
Select a new X using the parameters of K.

end for

Z X &9 %. £ Principal component analysis(PCA)
ZHOWTY ZEML, X OYIEZRETS. 2L
TX, Y TNENEHY HRICHE> TW5 ENE
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Algorithm 2 GPLVM with MLP
Require: XY K
Initialize X through PCA.
while Gradient logp(Y, X, a, 8,7, M) < € do
Select a new X through feed forward MLP.
Optimise logp(Y, X, «, 8,7, M) with respect to
the parameters of K and the synaptic weights of

MLP using scaled conjugate gradients.

end while
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7% 1 elapsed time
| original GPLVM | GPLVM with MLP |

| 5872.89[sec] | 25.27[sec]
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Algorithm 3 sharedGPLVM with MLP:learning
Require: X , Xy ,XzY . Z Ky Kz
Initialize Xy ,Xz through PCA.
Initialize ¢y ,¢pz .
Calculate X using Xy and X z.
Calculate p(Y, Z| X, ¢y, ¢pz).
while Gradient logp(Y, Z|X, ¢y, ¢z) < € do
Select a new X4, X7 using the parameter of
Ky ,K 7 through feed forward MLP.
Optimise logp(Y, Z| X, ¢y, ¢pz) with respect to
the parameters of Ky ,Kz and the synaptic

weights of MLP using scaled conjugate gradients.
Calculate X’ using X{- and X7.

end while

9 PCAEZHWTHNZEMY & Z ZEML, Xy &
Xz ZZNFICRD B, FNEDOEEZED X OFEAE
ERETD. LT X, Y, ZFNFTNzH ERIC
P> TWB LUE LTz EBUEZTTS . RIC MLP ZH W
%5.Y & Z%EAN), X 2 LTENTNESHEZ
ke, X LY, X & ZOMSEHREZE IS TEHEL. £
D%, LLFOR (7) TERENDS logp(Y, Z, X; by, dz)
DERARERD LD, Y, ZFNENDh—3 VB DR
FRA—=R ¢y, ¢z & MLP OFEEHE wy ,wz OEH
2TV, Xy & Xz ZEHREL, BUZNE D%
EBTETX ZHRETS. WEHIGRT % ETHD
RITET X WEHIEN, GXTDY, ZITHU TR
RICDIA OEHEZEM X WK% 5.
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Algorithm 4 SharedGPLVM with MLP:mapping
Require: X,.,,Z,Kz
for X, do
Calculate Eq.(8) using Z,K 7.

end for
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6 GPDM

GPLVM TIXBEZEM X TOXAF I 7 AIDONT
BREBINTOEWEZD, T5ERSEEON EZKD,
IEZERSID XA F X7 A4S T EMHks GPDM]11]
ZHW%. GPLVM ¥ sharedGPLVM DFE & [AkE I K
JEDm LDz MLP Zfl#HiAds. GPDM O 7 )L3V
A L7z Algorithm5 IC/RT. ¢x,¢y ENTNE XY D
H—F IV DING A—=RTH%. W IZEH 7—2D
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THO, W =diag(ws,...,wp, ) TREINS.

Algorithm 5 GPDM with MLP
Require: XY Kx , Ky ,W
Initialize X through PCA.
while Gradient logp(Y, X, ¢y, px, M, W) < ¢
do
Select a new X through feed forward MLP.
Optimise logp(Y, X, ¢y, dx, M, W) with re-
spect to the parameters of Kx and Ky , the

synaptic weights of MLP using scaled conjugate
gradients.
for k =1 to Dy do
wy, <= \/N(kaK?y:,k)*l
end for

end while

PCA ZHWTEHAZEM Y ZHMEL, X #RH5. X,
Y BZFENFNH T ZRRICHE S TW3 & RE LIFHIE
119, KICMLP ZfW5. Y & Z&Z AT, X ZH
el TEnTnGREZRD, X LY, XL ZOD
SEEREZEH S THEL. Z0%, LUFORX (9) T
N5 p(Y,X,py,dox) DIKERDED, Y, X%
NZNDOH—FIVEEDIST A =% ¢y, dpx & MLP
OFESIE wy OEHZIT, X ZHRET 5. Hid
MIPERT B2 X TRDIRT T LT X DEHIN, ST
D Y 1S3 U THRERAKITTOHA OIFTEZER X AR E
%. X OH—3)VEEICIE RBF 11— IVICHE H1— %
WMLzt oz 5 (X (10)).
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X
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6.1 RER

GPLVM D& LRIFRIC, 3 DOREEMNSER S NI
20 KCOBRT— 2 Y 7% GPDM 7% VT 3 JUTic
MWlTz, MREZEXKSITRT. iz, UM ZNZF N
UTFDERDELSICE- .

1 _
p(_itr(KX 1XouthutT))



Proceedings of ARG WI2

\ \ o SN R

TAWAYER 2.9¢
I/ \ / X \ oz \ % R} // ANEAN \
/N N QVAN
\ [\ \ A\ Vi 7/ \ N/ \\

\ / /7 . /\ J
M\%ﬁ'&/’“ -+ TN
o \/ N

EJ w el C) w0

K8/ Y, ZDRE £ HLEDOEFZEN X

7 2 elapsed time
| original GPDM | GPDM with MLP |

| 11262.35[sec] | 17.42[sec] |
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& L[EIFRIC, sharedGPDM ICd MLP ZE A3 5.
71 FH

T 12— D7)V AV X Lz Algorithm6 IS/RT .

£ PCAZHWT, BIIZHRY & Z ZIEfEL, Xy
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A ZBRRCHE> TV B e LT IER b 2175, RIC,
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», XY, X & ZOWSEFREAEEETBL. £
D%, LLFDX (11) TERENS logp(Y, Z, X; py, dz)
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Algorithm 6 sharedGPDM with MLP:learning
Require: X , Xy, XzY . Z Kx,Ky Kz
Initialize Xy ,Xz through PCA.
Initialize ¢x,py,¢z -
Calculate X using Xy and X z.
Calculate p(Y, Z| X, ¢x, 0y, Pz).
while Gradient Eq.(11) < ¢ do
Select a new X4, X7, using the parameter of
Kx,Ky,Kz through feed forward MLP.
Optimise Eq.(11) with respect to the parameters
of Kx,Ky,Kz and the synaptic weights of MLP
using scaled conjugate gradients.
Calculate X’ using X4 and X7,.

end while

MK T 2 ETHODIRT T & TRIER X AROENS.

logp(Y7Z7X7¢X7¢Ya d)Zaw)
= logp(Ya Z7X7¢X7¢Y7¢Z)

52wyt 5wz (11)

pY.Z, X, ¢x, 9y, dz)
=p(Y,Z|X, ¢y, ¢z)P(X|dx)
xP(¢x)P(¢py)P(¢z)
=P(Y|X,9y)P(Z|X,¢z)P(X|px)

xP(¢x)P(py)P(¢z) (12)
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Dy
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k=1

P(Y|X,¢y) =

(13)

Wz [N
(2m)ND2 K 5 P2

P(Z|X,¢z) =

Dz

X exp(—§ Z wsz,szKzflzk)
k=1
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