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Fig.1 The contraction of 2-d fuzzy hyperspheres
with overlap while expanding

5HELO W = (w,, wy, , w, )"
HA2 v, B RIBORTRIER HS; 18] B AEAL G 3R B DR
FEERR R R FEHTE SOOI BR A 22 ) 45 A5
FRIERECR
bhs, (X, , W, ,1,) =

expl- (I X, - W ), -l X, -W, | =0,)7"}=

expf- (I X, - W, [l ¢))}x

exp{- (| X, - W, | - )7} (2)
P, FHexpl- (| X, - W Il - )" }BEX, B
FTHREER HS, SRR R B EWER, &
By R X, R EERHS, B TEB RN R BN
AR T T expl{ - (1 X ~ W I o, YU RE B
X, BEHHIKHS, B0 W, , BB ER P ER T D
%’éiﬁgl?@lf%ﬁ,i}ﬁ o, LR X, LR HS, WRB
BRI RRARER,

ST AERTTE 5 | X, ~ W || - o = OB,

B3R expl - ( I X, - W I )a,-}: 2,0 < A < 1A
L

L wji , o

In(-1nA) In(-In Q)
e = In( ” X, - W’] |T) T (1)]-) (3)

W — 3, ORI R RO 2SR R B A
BE, FLERMTA X MGNES ., REE @Y
BOHFEIM A0 < A < DE, R X, A 7R
HS, HAEEBXAE, UF A < bhsi(X,, W,,7,) < 1
M bhs, (X, W, ,0,) < A, ¥k % jAMLE
bhs, (X, , Wi, v,) < bhs (X, W,,0,),Vk ) (4)

X, ZEGHEERHS, SHMREBROT I FAL
HBR HS,  k « j) WEBRX A, WA LGE T
XA R EER 8 H R AR RPN KM g e
DK, AHBETREERVTEBNASVERMS
RESX NS WHFEIgGEER, Ak

BRE) MRDFHRY KEERANAFEREY
gpkeAd (LA 2).

- WEHEELR ® AXHA ...

— WHEEEELR A BEEA  FhAKUR

K2 —RRMERSIFNNRATES
Fig.2 The conditional overlap of 2-d fuzzy
hyper-spheres while merging
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A Conditional Overlap Learning Algorithm of the
Fuzzy Hyperspheres Neural Networks

HUA Qiang , LI Shi-xian
(Department of Computer Sciences, Sun Yat-sen University, Guangzhou 510275, China)

Abstract: The class-aggregating algorithm of the fuzzy hypersphere neural networks use a form factor & to realize a

supervised leaming. Appointing to the problems produced by &, a new unsupervised leaming algorithm is developed. The

new algorithm has nothing to do with the form factor, achieve better classification accuracy with less training time and a

fewer number of huperspheres.
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