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Abstract: A graph database indexing method,which is based on pattern clustering and automatic model selection,is proposed.The
traditional Expectation Maximization (EM) algorithm provides an effective method for parameter estimation in mixture model
clustering,but the number of model components need to be fixed before the processing progress,which will certainly reduce the
accuracy of the high dimensional indexing.The proposed indexing method is based on the automatic mixture model selection
algorithm ,which uses the improved component—wise EM algorithm,the vector quantization method and probabilistic approximation
mechanism.The experimental results show that the retrieval efficiency is increased while the true positive rate is kept in high level.
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