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Signum-Function-Activated WASD Neuronet and Its XOR Application
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Abstract: A discontinuous signum-function-activated ( SFA ) weights-and-structure-determination
(WASD) neuronet model is presented and constructed based on the WASD algorithm. By this algorithm
the optimal weights and structure can be determined effectively. We apply the SFA-WASD neuronet mod-
el to XOR (i. e., exclusive or), and detail its performance in the XOR application with various types of
disturbance noise considered. Numerical verification results substantiate the validity of the WASD algo-
rithm in determining the optimal weights and structure, as well as the good anti-noise ability of the SFA-
WASD neuronet in the XOR application. Moreover, for high-dimension XOR application, the perform-
ance comparison is made between the power-function-activated ( PFA) WASD neuronet and the SFA-
WASD neuronet. The numerical results verify the superiority of the SFA-WASD neuronet in terms of sol-
ving nonlinear problems.
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Fig. 1  Model of signum function activated (SFA)
WASD neuronet, i.e., SFA — WASD neuronet

T EL, B A 25 B R R 2 T (9 A 3
Dy, W 2 2 Y A T By W
e R ML A S %
RMATUFR Ny = X sen( X % - a)w,s

2 BUES4ME (WASD) B3k

WE A TAUEEHEE D, ARG TR
R AUE S S5 R E R4 RS
AT TIAE, A HAUE R E T A— 215 2
o= 2 oo S 2 4 T8 Z 1) B S5 P i HE AU,
T3R5 1 % 58 BP Sk i IT Kk AL, 7E € B 3
H, FRATT 28 HASUIE B R S vk B BRI R S S
123U ORI R G,
CHHER&E Hm Ry =[yLy., oy, ,')’N]T €
RY, Hr, y, FTRE L AFEAXS R H AR 2
B AR

= [wl ’w2"”’wnJ

91,| 91,2 gl,n
J = 02-,1 02.,2 02.,,1 c RNXn
0/»",1 0w,2 GN n

ol 0, = sen( Y, x, - a) JoR i AR
ﬁxd‘% l/|\7l~'_3|§2'§ X, = [xl,l 3X1 25 X, ] ! E"J{%ﬁi}%"@ﬂj
i, NFRIIGREEAR B2 Sk th )2 4 20t

B O AU W = [w, 0, - ,w, )" AT L HEH
N

W=Dy =Ty
o, T FRARE T B, WA S AE pinv(J) .

SRIG, TEAAE B R0 v S b, FRATTHE—
HWFTE T 4505 2 5 a2 Bl 28 00 A B [ 6
EAN &\ (k- i PZPIves G0k ) I K& TR REN
ZERRAPBI . B2, YRS ITTRUK E—
SETEIT, i 52 A E R I/ B S K
W, EBEMWE, AXHERAARE = ||y -
TW || 3/ N S5 248 - 135 2 Fog FUAR Ay 5 ek 00 24%
PEREROARIE, Jorh || - |, R TR
e, TSR, TR T AUE S
CERTAE SV, 0 VR T AL T S Y
b, BRI SRR AL, S E R 2
st (B, BEmBaZ Mo ) .

WASD Bk HEA AR . BN B2 M 2
TER n, I ELARUCHRT Y 24 45 M ) I 4% - 3
R B, s FINREE B, 5 2 5250 i B/ N 26 57
P B MR, MR E,, <E,., W
YR B ) 245 235 ) 5 O 258 22 AR A A9 24T B B A1 T 4%
Gt N, S/ NS B, s T3 WIS RA7 I 4k 2 0
BaEPhzot (fFR, BmMgos)., E20 i,
WS FIRTEE S I ne A BaRh 22 TTHE A BE W L K.,
<E.., MABIZMZITCE N n - n, BI%5H5E K 19
SRR EE Y, BHORARINIE 2 BT,

K

dREAT SO, AT
P A SO

l

B BB PRIRE E,

| Epiy < Eopgy Ny <11 |

BEE )

K2 BUES S e Sk R A
Fig. 2 Flowchart of WASD algorithm

45




4 iR EsA Al (A ARBHERRD)

%53 &

3 WASD #i& M4 XOR F 1)

AFIE APk A A5 sR E0EU Y WASD
P22 DASEEE XOR W, BHAKIMN S, M AR
(1, =1) 5 (-1, 1) W, Wl 1; AN
(1, 1) 8¢ (-1, 1) W, Filizh -1, 2,
FE SR N FH Hh 2 2D REAS 0 i A R T BB AR AE 5 45
FRUE RS (T30, QAR ST ST 1R 25 S W 7 sy 37 g
o AT IRUFAT R B 45 7E XOR I A B BAT I
P ERE, ELREA RO B Shif E e AUE S 4
F, AR RIIE T JoMRAE ] | AT R > DU
iy IR o) X = AR R DL 24 2 1 B, 55
Xof 2 2] S ASMRHE RS () sl A T (B Y
JEARHT S B2 M 2 00 BE o, 1) B VS R
[ 10, 10], [MIRGESHEIMARZMETTEHE n, =6,
3.1 IpEkE

ARSI P BTAT 2 ) AR RE A 2 2 5 T4
WP ST PR, 1) 5 W i e BT M e s o g
WO 2 = [2,,5,,-+,2,]", ZHHZH 5B T
P HAZ ARGy D, D0 i A e e o £ 7 451> 49
ARSI 30, s XER [z, -D, 2z +D],
Herj=1, 2, -, g, A HZ GRS T HZ0
WEZER o, WA B RN ST oA, By
WAz, 2z, e, oz, WEHAIEHAZ, B30
W A A A 1 R T [
=30, z;+30] WNIHEREN 99.7% , Hrj=1,
2, o, qo RUMCH T HEINAS [F] M 75 SRR S0 45
] e, ASCRE 30 =D,

3.2 ERZEISHENK

oY, MEAMEACH (1, 1), (1,
-1) (=1, 1) A (=1, =1), XNy Hbrkm
SRR -1, 1, 1T F =1, M4 5%EE, 3
FE 4 DFEAE AR £E 5 100 iy Mg, %2
AR R Mg AT, SEERA RN 1 R,
SR AL, FRrP Ry KN A R A R Y
SR D, X TR MR R R R 3oy R LT
A EAE R SLE 100 )G SEI 2R, gk R
B, FATERE 3 FIE 4 (a) HpmlExR 17l
R B TS 30 = 0.4 [y — YR I Ak SR B )
KEE A E R . NIRRT DA A LR A
R B 00 g SR, i H 2R S i,
AR IER RS . FIBHERS AR, M
Xof 13 5 Wik P N e Sy MR R X B R I 7 B R
AB, X R T R P P R TR

1 oMEss o) A A R

Table 1  Results of noisy test after learning without noise
ik M RIERZE .
o MR s 23w/
A N =P ¢
0.2 15 90.9350 0.0359
¥4
. 0.4 17 86.017 5 0.0419
Ee
0.6 17 81.265 0 0.044 2
. 0.2 17 92.7850 0.029 9
b
. 0.4 17 89.945 0 0.025 8
g
0.6 16 89.770 0 0.022 0
1.5 :
+ e ‘Jr+
i 2
T,
0.5 1
O #x1
= (13 1
-0.5
ot N
R iy
-1t t{%&
voF
4 F
-15 ‘ : ®
-1.5 -1 -0.5 0 0.5 1 1.5

B3 JaEsr > i s A T I I ) — IR 4 2R

Fig. 3 One noisy — test result after learning without noise
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Fig.5 Variation curves of network accuracy over different test noise after learning with uniformly noisy input
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Fig. 6 Variation curves of network accuracy over different test noise after learning with uniformly noisy output
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