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Multi-sense swarm intelligence algorithm and its application in feed-forward neu-
ral networks training
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ABSTRACT A novel method for global optimization, multi-sense swarm intelligence algorithm (MSA). was presented to solve con-
tinuous function optimization problems- Inspired by the artificial fish-swarm algorithm (AFA) and the F'S algorithm (free search algo~
rithm, FSA). the search mechanism of MSA combined large scale exploration and local precise search: even more; in this algorithm,
the unit employed both visual information for quick approaching to local optimization solution and pheromone information to avoid
overcrowding and to guide itself to global solution- Simulation shows that MSA has strong robustness, good global convergence: quick
convergence speed and high convergence accuracy- At last, MSA was applied to feedforward neural network training- The result
shows that this algorithm is fit for the application-
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Table 1 MSA simulation results

F5 O BRRE #ER s R &
1 88 0.9952 6 104 0.9957
2 137 0.9963 7 48 0.9971
3 60 0.9956 8 125 0.9977
4 49 0.9989 9 42 0.9995
5 92 0.9962 10 24 0.9957

T2 EA AFA ML R
Table 2 AF A simulation results

FE SRR WRR F5 BRKRE  #RM
1 65 0.9964 6 48 0.9972
2 91 0.9955 7 43 0.9956
3 128 0.9999 8 121 0.9992
4 25 0.9993 9 47 0.9990
5 71 0.9975 10 160 0.9977

R3 FSA ML
Table 3 FSA simulation results

5 ERRE HWERR e BRI iy
1 202 0.9988 6 159 0.9989
2 119 0.9965 7 88 0.9981
3 160 0.9964 8 67 0.9994
4 209 0.9995 9 34 0.9987
5 146 0.9984 10 203 0.9961
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Table 4 Feedforward neural network training errors

HEARUEL A2 3] BP Bk MSA
10 0.2214 0.0124
20 0.0167 0.0010
50 0.0088 0.0006
100 0.0016 0.0004
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