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Abstract: A greedy layer-wise dictionary training algorithm based on genetic approach is presen-
ted to solve the problem of too large residual in sparse representation. The algorithm firstly chan-
ges the data samples to one-dimension vectors. Then the greedy layer-wise dictionary training al-
gorithm is employed to separate the dictionary training problem into several sub-problems. When
the proposed algorithm is used to train every dictionary layer, and a genetic approach is used to
find the optimal solution in every dictionary layer with a high probability. Finally, each dictionary
layer is connected to get the final dictionary. When one dictionary layer is trained, matrices with
numbers are used to describe the classes. Then, the average residual energy of low rank approxi-
mations is used as a measure of fitness, and Winners are selected by matching., New individuals
are generated by single point crossover and mutation. Experiments about the sparse representa-
tion of the short binary sequences show that the reconstruction SNR of the proposed algorithm is
10 or more times higher than that of traditional kernel singular value decomposition algorithms
under the same sparsity constraint when the number of training data samples is small.
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