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Abstract: In this paper, we propose a novel learning method of neural networks called “percolative learn-
ing”. The percolative learning is the way to maintain high performance by extracting necessary information
when training for “percolation” in a scenario where a subset of data (e.g. modalities) is usable when testing
the networks. Unlike existing transfer learnings, the percolative learning is a measure to reduce the number
of data dimensions rather than the amount of data. Possible application ranges such as multimodal recogni-
tion, time series prediction problem, and segmentation are wide. In this experiment, a noise processed image
dataset and a simple networks were prepared for performance evaluation, and the accuracy comparison was
carried out in the case of percolative learning and the case without it. The results showed that the accuracy
of the proposed method is significantly higher.
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Fig. 1 Architecture of the percolative neural network.
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Table 1 Learning algorithm of percolative neural networks.
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Fig. 2 Functions of percolative neural networks when training

and test.
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Fig. 3 Instances of main and auxiliary data given when train-

ing and test respectively.
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Table 2 The architecture of percolative neural network used

in the experiments.

(a) PercNet(Zmain, Tauz, Anp)
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QnpTaua:(T64)
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1 2:(1528) linearunit (z,100) W,b,~, 8 2:(100)
2 :(100) linearunit (z,100) W,b,v,8 2p5:(100)
3 Zp5:(100) linearunit (,100) W,b,v,8 2:(100)
4 :(100) linearunit (z,100) W,b,v,8 :(100)
5 :(100) linear (z) W:(100,10)
b:(10) :(10)
2:(10) softmax () L y:(10)
(b) linearunit(z,N)
JEno. AB:¥AX £ HFUNRTG A=K YA X i X
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b:(N) z:(N)
z:(N) bn(z) ~:(1)
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Table 3 The architecture of neural networks for comparison

used in the experiments.
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3 zp5:(100) linearunit (z,100) W,b,v,8 :(100)
4 :(100) linearunit (z,100) W,b,v,8 :(100)
5 2:(100) linear () W:(100,10)
b:(10) :(10)
2:(10) softmax (z) ML y:(10)
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Tmain:(764)  concat(Tauz Tmain) ;L :(1528)
1 :(1528) linearunit (x,100) W,b,~, 8 :(100)
2 :(100) linearunit (z,100) W,b,v,8 Zp5:(100)
3 Zp5:(100) linearunit (x,100) W,b,7, 8 2:(100)
4 :(100) linearunit (z,100) W,b,v,8 :(100)
5 :(100) linear (x) W:(100,10)
b:(10) :(10)
:(10) softmax (z) &L y:(10)

# 2(b) TEHE T N7z linearunit(z, N) Z 4 DB L 725D
THd. 1,2@8PRET 72y MIHzb, 2@DOHIT
BB xy IFIRBREERT. 35 ET T2y NI
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Netq, Nety (3312 PercNet DA 7 > X —/3— b & LT
EIND. FD2H, £33 LHK2) DHE»SH51E LD
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PercNet, Nety D%, Net; DFHED A v X —s8— b
B EDITEEI NI, Nety OfEEIK, BELLFIZEL
BHET <, 2oty b EOFEE R & LRI
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Table 4 Accuracies on test and training sets of each method.

(a) rs =0.5
FIE B (%) AR (%)
Eedz 1 83.90 99.97
Eeig 2 16.97 99.97
% 86.75 92.43
R (+HER%) 86.59 99.94
(b) rs = 0.75
Fik MBS (%) AR (%)
g1 53.17 99.67
Heig 2 12.11 99.98
ffeES 64.04 73.04
BE () 58.36 99.49

e (RWE) oflifgr T ZNIIREE L illEETH 5.
RETHRE, WHEEE2 LEZGEL LA SZERIZDOVT
AL TW3.

M5 DRETEOFEMBICERNT 5, WRTED
ZNEBHRPKREL B R >TWVWEH, HEZFET L
TV ZXLDYDFEDLVIZH B, 0-1,000 TRy ZI2EWT
HATFEEA, 1,000-11,000 TR Y ZIZBWTEBFZED,
11,000-13,000 TH v Z 12 B W THMEAAL R IThNAT WS,
HifEH IR TIE 2 2 F UL, EF—ReHihT— &4
WEIZR Y MU= A&, REfThNhE. ko
THIBN T — Z I KIBITIKTE U - ol b AT b s Z & AR
AT, BWIIHRE L IEEIBRVWRBREELIRE O NS, B
BEFEORMBIC L - T, FIBEELABEEXThThA
BMIET £ EAT5. JIBBECETIX, ANTF—%
DEZ & > THFENRST A=Ky NDPELREMEREL
BILZEDIZ05720TH5. ABHEED LI, I
DANTT — R EEDRERGED Z NITED W72 TH 5.
RETFE 7 = — XD TR E D 100% & 0 KiFIZ
TlEl- 72 B IE, ek NZRBRBICNT 2382 %2+
WWINELKTEHZENTERDSEDTHS. BREIZ2D
Zzoh, 1 D3EHREZFESINZET — X DORBEEE
MO, £5 1 D3RBNHORES, ThbbiREY
Txy FOEYIETH B, HEOMBIZOWT, RFEKT
fHIN/ =2 —F )V xy bOELREZIVE—FV MNE
2G4 (linear) TH O, v M7 —27 BENEEELX
TWHAIZH 572 EZ 5N5. WEEBIE TV 5 H W
IZDWTIE, X5 OLERFEORER - AffdhiticEH LT
AR E R L D L 0RO TRy 7 CRERKE K
2o TWBEh oSN S,

KA ZBVWTIREFIE L IR F R OB & % ik g
52, WINOBEIZBWTHEETEN-HLTEL,
VYV INEPFHNNEEZTOEIFIREWVEHEAE DS, F
412 B B IR T 2 ORBKEIE X, fowThoFike
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Fig. 5 Learning curves of each method.
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