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Solving CSP by Lagrangian Method
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The constraint satisfaction problem(CSP) is a combinatorial problem to find a solution which satisfies all given
constraints. We proposed a neural network called LPPH to solve the satisfiability problem(SAT). Each equilibrium
point of the LPPH is a solution of the SAT, and LPPH is not trapped by local minima. In this paper,we extend
the LPPH for solving the CSP. The CSP can represent problems more simply compared with the SAT. Experiment

results show our proposal method is effective.
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fil A LPPH LPPH-CSP1 | LPPH-CSP2
10-Queen 0.160 s 0.044 s 0.010 s
20-Queen 3.537 s 2.206 s 0.030 s
30-Queen 21.484 s 9.903 s 0.150 s
40-Queen 66.512 s 26.803 s 0.360 s
50-Queen || 120.657 s 78.070 s 0.542 s
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