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Abstract: A fast method (SmartMoss) for efficiently estimating the frequencies of 4-node graph-
lets in large-scale networks is proposed to address the challenge of exactly counting the
frequencies of 4-node graphlets occurring in large-scale networks. SmartMoss compares the
estimation errors of the two state-of-the-art algorithms, 3PS (3-Path Sampling) and C3PS
(Center 3-Path Sampling) . through random variables variance analysis to obtain their different
application ranges, and then selects either 3PS algorithm or C3PS algorithm for 4-node graphlets
sampling by calculating the distribution of network weight densities and real-time errors, to
achieve quick estimation of the frequencies of 4-node graphlets by combing the estimation results
of 3PS and C3PS based on the sampling proportions. Experimental results show that SmartMoss
is more than 10 times faster than the state-of-the-art algorithms 3PS and C3PS under the same
estimation error. SmartMoss efficiently and accurately estimates the frequencies of 4-node graph-

lets for large network graphs, and provides theoretical reference for practical applications such as
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network community evolution and malicious code detection.
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