BE AFEEREE WG e
$11% #3%, 2006. 7. 2006-11-3-1-13

i2Zol= =& afojd

£
e
o
N
Lt
L
N
Jo
1>
it
0z
Jot
[k
+4>
mlm
%
rok
\u

An Improvement of Performance for Cascade Correlation Learning
Algorithm using a Cosine Modulated Gaussian Activation Function

Sang-Wha Lee*, Hae-Sang Song*
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Abstract

This paper presents a new class of activation functions for Cascade Correlation learning
algorithm, which herein will be called CosGauss function. This function is a cosine
modulated gaussian function. In contrast to the sigmoidal, hyperbolic tangent a.nd gaussian
functions, more ridges can be obtained by the CosGauss function. Because of the ridges, it
is quickly convergent and improves a pattern recognition speed. Consequently it will be
able to improve a learning capability. This function was tested with a Cascade Correlation
Network on the two spirals problem and results are compared with those obtained with
other activation functions.
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Fig 1. Pattern classification using ridges: (a): with five
sigmoidals, (b): with three gaussians and (c): with a
CosGauss function.
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Fig 2. Pattern classification using local bumps (a): with
four pairs of the sigmoids, (b): with two pairs of the
gaussians and (c): with a pair of the CosGauss functions.
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Fig 3. Cascade-Correlation architecture
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(@) €5 cos(16x)
AN
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(@ sole Bu=0.39 Vu=49 329192 o)
e a2 6. ot Me| IATIRA B gl Bu =0.2 2211 Yu =8,
T8 4. (a): 3ATIRA 8 9 T2lo|Ey Bu =128 Yu =16, Fig 6. A pair of CosGauss functions Bu =0.2 and Yp =8,

(b): ZATIRA Biel G, =2 B OIE, () TATISA B D
Bu=05 zalm Yu=16, (0): Zarieas| op 2 o By

03223 Tu=4
Fig 4. (a): CosGauss function with parameters

Bu =1 and Yn=16, (b): Shifting the CosGauss function
by au =2, (¢): CosGauss function with Bp =0.5 and
Tw =16, and (d) a derivative function of the CosGauss

function with Bu =0.3 and Yp =4.
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9] 32190 ¥ (three dimensional representation)& Fig 7. Same as figure 5, but ground plane set at 0.
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Fig 8. Same as figure 5, but ground plane lifted by 1.
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Fig 5. Three-dimensional representation of CosGauss 2 =Bold AR 2e TAEA e A
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Fig 9. Number of epochs against parameter Yp .
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Fig 10. Number of new produced hidden units against
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Fig 11. Number of epochs with varying parameters Bu,

I3 1.

Y =19 and O =0 of the CosGauss function.
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Fig 12. Number of new produced hidden units with

varying parameters Bu, Yu= 19 and eu= 0 of the
CosGauss function.
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Fig 13. Training points for the two spirals problem
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(b): 26<x<31land 31<y<-26

(c):59<x<64 and 01<y<04
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X 25
Fig 14. Local hills of the CosGauss function with

parameters Bu= 0.0001, Yp =19,
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Table 1. Listing of the average values using CosGauss and
other activation functions

Activation functions Epochs Units
CosGauss! Bu =0.0001 and

663.3 8.9

Tu=19
Gaussian 2067.8 17.5
Symsigmoid 2086.3 13.3
Sigmoid 2585.1 15.4
Tanh 1870.2 12.9
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1 2 3 4 5 6 7 8 k] 10 average
Number of experiments

COCosGauss
E1Gaussian

W Symsigmoid
OSigmoid
BTanh

TR 15, 2471940 CIE B8} BHE AISE 0BA2] 4 B[R, 2A7KeA B9 Pu=0.00012 V=19,
Fig 15. Comparison of the number of epochs using the CosGauss and other activation functions. CosGauss function:

B =0.0001 and Yu =19,

aasien g By 2000013 Y =19,

DOCosGauss
ElGaussian
WSymsigmoid
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Fig 16. Comparison of the number of new produced hidden units using CosGauss- and other activation functions.

CosGauss function: Bp =0.0001 and Y =19
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Fig 17. recognized two spirals in pattern space

using CosGauss function
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Fig 18. recognized two spirals in pattern space using

sigmoid function
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