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Fig. 1 Twenty points randomly generated on a 2-
D space ((z,y) € [-100,100]) using the Mersenne-

Twister.
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Fig. 2 Twenty equally distributed points using a

clustering method.
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Fig. 3 The Chebyshev nodes can be seen as the
x coordinates of n equally spaced points on a unit

semicircle (n = 16) in this figure.
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Chebyshev points without shifting
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Fig. 4 Chebyshev points without shifting.

Chebyshev points with shifting
n=144
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Fig. 5 Chebyshev points with shifting.
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Fig. 6 Chebyshev points with shifting and ran-

dom points.
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Fig. 7 An example of Lévy flight with 500 points
and 8 = 1.
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CEC2013 F1, 2D, Example of the weighted average gradient method
n=30

Fig. 8 An example of the weighted average gradi-
ent method on the CEC2013 benchmark function
Fy. Optimisation starts around the x-axis and then
first moves to the right and up. It then moves
back down left and then finally converges to the
optimum. According to the # of past points, the

direction is corrected to the right direction.
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CEC2013 Benchmark Function F6 in 5D, population size = 100
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CEC2013 Benchmark Function F7 in 5D, population size = 100
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Benchmark Function F8 in 5D, population size = 100
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CEC2013 Benchmark Function F9 in 5D, population size = 100
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best fitness in 30 trial runs with 100 population size for

CEC2013 benchmark functions f; - fo in 5-D. Graph data exceeding the max. scale value of the Y-axis

are not drawn.



