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Large-scale Distributed Clustering from Noisy Data using Localized Likelihood Estimation
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This paper presents a new clustering algorithm that can be easily extended for distributed computation. Our pro-
posal algorithm, Distributed Clustering based on Mixture Modeling (DCMM), assumes that the noise is distributed
following a uniform distribution and the each cluster is estimated as a component of a mixture distribution. Based
on this assumption, the estimation is conducted by each component in a serial manner, that is, the computation can
be conducted on multiple CPUs separately. The effectiveness of the proposal is verified by the numerical examples

using artificially generated data sets.
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