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Online Learning Algorithm for Probabilistic Principal Component
Analysis Based on Natural Gradient

CHEN Yarui, QIN Zhifei
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: For the main component analysis model, the traditional method uses the eigenvalue decomposition method to
analyze the model, and the computational complexity is O (ND*) , where N represents the data scale and D represents the data
dimension. Probabilistic main component analysis is to understand the analysis model of the main component from the per-
spective of probability. In this way, the expected maximization algorithm can be used to analyze the model iteratively. The
computational complexity is O (NDM) , where M represents the selected dimension. However, in the process of parameter
updating, the expectation maximization algorithm of probabilistic main component model needs to go through the whole data
set to update the parameters once, which is slow, and it is difficult to extend the algorithm to large-scale data sets. This paper
presents an online learning algorithm for probabilistic main component analysis based on natural gradient. After dimension
reduction, the data is classified by the fully connected neural network, and experiments indicate that the method can signifi-
cantly improve the dimension reduction effect and the running time of the algorithm.

Key words: probabilistic main component analysis; expectation maximization algorithm; natural gradient; online learning

B R 2 o A AR O e R
SEARLM AR W B AR S ], A o AR FE (R4
ZE (A —FhFoR. AR, B AR AE AR 2 BT AR 1
ORI, g 4 ) B e R e T L 5B v
23 (6] PPN AR S Bl B AN R, IR AR RCR A, BiE
X EAR 5328 | i LR AT IR ok REFRICR. B

KRR HEE: 2020-02-27; f&EIHHAE: 2020-05-11

TR R R 7 A8 vk 159034 (linear discrimi-
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MY R AT REFE IR, AN RIS B e 28 rhao 2
Bl S AT RER. LDA TE[FEYE R R o] DA 2k
ARSI FHRZALR, H2 LDA Ak mlikeA
AT AT , OF HaR 2 KRR mE0m 1 r4E
FE. LLE J& TUiE# (manifold learning) i—F. &
W e o R gE s A, RO PR s 2 Tl
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TEMLET R & 4E b, X &k 4ER 2RI IESSRHIE , Wplipx
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1.1 BEEFEARESH (PPCA)
XF TR AT p(x,2) = p(2)p(x | 2) » Hith x %
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Fig.1 Generating models

MR L AR A U B A — R RRER I 2K, I
H D YIS x il M 4R R 7 — AR
B —A g e ¥ S, P
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PPCA #EHFLIAEA x, A MG AR AN - 15
MBEAS HESEI 341 p(z) HBREALAE R —DFEAS 2, | R
JEARIR AR p(x| 2) AERUREAS x, , B

p(x|2)=N(x|Wz+u,6°I) 4)

XTI E I X = {x,,---,x, ), Hh N FRW
M EEA AR, Z=1z,,-.2,} N XY B A
£E. PPCA [W# 55 &l it I X = {x,---,x,}
SJERL (4) TS E W, 8 .

1.2 EME&%

EM 8303 02 SR Aff B AR A5 TR f AR [P 1) 242
Ly g, FOREAR AR JE i 1 E (Expectation) 5 Fl1
M (Maximization) 25 W R WA ST AL 2 8. HL
i E P2 I 1 X 58 A BOHE AR 0 X B0 AR bR R
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Wrilidi, 5. JET A RBERBER R I e L I 50k <77 -
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E[z,2,]=0"M "' +E[z,]E[z,]' (8)
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SR
|:Z(x -X)H[z, HZE” } (10)
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Tr(E[z,2, Woo W)} (11)
N
Hrp x=>x/N
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A WA X = {x,, -, x}
repeat
forn=1:N
HHiE (7) #1 (8) AR A R Bz, ], Elz,z2)]-
End
A (10) A1 (1D EHSEGE, 132w, Flo, .
until 3w, o7, sk
return 5w Fll 67
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1.3 PPCAEZFAEH M
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= 4[4 (fisher information matrix) /'

@ﬂ@}

3 ANXEE

X+ PPCA #iRIE) EM 4L, Ho il kfb
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AR A SRER RS EA LU By R B
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£ , Fashion-MNIST ###4EF1 3 4~ UCI % 4
(HOP.SDD ., AREM). 1. MNIST ##84E hF+5
BOFEAEAE , 25 10 255 Fashion. MNIST £idlE4E (U
A 10 BAFR WK F; HOP. SDD & AREM
P AR T AR SR BUS MBI 4. Ba g LRSS
B 1
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Tab.1 Data set information

EICIE S Hln e S BEAA
MNIST 784 10 60 000
Fashion_MNSIT 784 10 70 000
AREM 7 4 42 240
SDD 48 11 58 509

HOP 8 4 65 751

SV A5 BT GPU KA GTX1080, CPU
K 17-8700@3.30 Hz, 121717 R 16 GB, #/ERSE
Windows 7 MR , i1 7°F 5 T.H python3.6.

4.2 EWiEI

BIF 3 4900, Sk | (BT RCR) - 1
BT AR BE OREAR E AR e g A kb AR
AR 3G N ZRARE AR B R AT %, Ry
KIEMHAS. S0 2 REEEXTLLSER) - 768 5 MR T
433z PPCA 1 EM SIEFIHE T A ARBE EE A
FHMFI e E 2Bk, TR b T ks AT
) S LA R IERA . S0 3 (A BUFEA S « fEHE T
AR BE AR 2R A o A TE 4 S e, AR Al
PRI I FEAN O AL TSR, TR R
BEAY vt T BEATLAR: S Be 22 f A BUBTROAEAS | A
BCE R R ROR.

421 HELRFIIREE

FEFETRENLAIT L FELE EM S, ARl
5000, 1000020 000 30000, 40 000, >40 000 %%
AT EM BEHE T 2R, TEVIZRAF AR T X4k
WA TREYE , IR RRAE S B IR SR 2 FroR 4 Rl
SRAE AN | G PR A I R bl I 2 AT 03
2%, batch-size & 32, 7E5£ 21 0.1, epoch & 100, 15
FNrIIER LA 3.

FR2 HEHEE
Tab.2 Classified data set

iSRS INGRFEASA MRAFEA /A
MNIST 55000 5000
Fashion_MNSIT 60 000 10 000
AREM 35000 7240
SDD 50 000 8509
HOP 65 000 10 751




2021 4F 2 H PRV S, 5. RT3 AABE R ROER E AR BT e 5 ) S <79 -
=3 BETARENEGHARNER LML
Tab.3 Classification accuracy ratio based on different training samples
pIEITE 5000 10 000 20 000 30 000 40 000 >40 000
Mnist 0.487 2 0.501 0 0.574 2 0.6300 0.670 4 0.708 6
Fashion MNIST 0.366 7 0.405 6 0.487 7 0.560 8 0.613 8 0.648 6
AREM 0.478 4 0.508 3 0.554 6 0.542 6 0.579 8 0.605 3
SDD 0.606 6 0.644 1 0.706 8 0.734 4 0.772 4 0.786 4
Hop 0.623 4 0.654 1 0.688 1 0.694 2 0.805 1 0.876 8
JE BF g 5 A —ns
422 AFEATEE ®5 EXETHRE
PR 71T PPCA 1) EM B MrEll Tab.5 Algorithm running time s
YT SR B (KRR S LA WP e S S el A PPCA
Fh TP LRI, 51U ARRE LI 30000 4+ e " 7
FEARFIFIIS BM Fik, SRS (B iy 500, wien M " -
TEVN - AR | MNIST . Fashion MNIST HI%K SDD . 484
PFEACRER] 200 4, Kr HOP BHREFEARER 4 4, HOP 136 300
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YIEAEAFIIM AL AS | 30 3] B PR 2 A e pf 2 I 2% 3
114335, batch-size 432, 2421 3%0.1, epoch & 100, 15
FTIIEH L IR, IR IS AT 1] L3 5.

x4 DEHE
Tab.4 Classification accuracy

Hdak A3 PPCA
MNIST 0.9326 09170
Fashion MNIST 0.844 8 0.826 0
AREM 0.730 6 0.728 0
SDD 0.867 1 0.846 2
HOP 0.876 8 0.542 1
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Fig. 2 Generated samples of online learning algorithm based on natural gradient probability main component analysis
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