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Fig. 1 A simple example of sudoku
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Fig.2 Schematic chart of real-number encoding
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Table 2 Performance comparison of different algorithms
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A novel sudoku solving method based on sparse optimization

ZHANG Yudong' WANG Shuihua' HUO Yuankai' WU Lenan'
1 School of Information Science & Engineering, Southeast University, Nanjing 210096

Abstract In order to solve the sudoku more efficiently, a novel approach was proposed. We employed the real-
number coding to get rid of the integer constraint, meanwhile used the Lj-norm to guarantee the sparsity of the solu-
tion. Moreover , the L,-norm was used to approximate the L,-norm on the basis of RIP and KGG condition. Finally,
the slack vectors were introduced to transfer the L, -norm into a convex linear programming problem, which was
solved by the primal-dual interior point method. Experiments demonstrate that this algorithm reach 100% success
rate on easy, medium ,difficult, and evil levels,and reach 86. 4% success rate on only 17-clue sudokus. Besides, the
average computation time is quite short,and has nothing to do with the difficulty of sudoku itself. In all, this algo-
rithm is superior to both constraint programming and Sinkhorn algorithm in terms of success rate and computation
time.

Key words sudoku ;constraint programming ;integer programming;linear programming ; primal-dual interior point method



