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Abstract

In recent years, stochastic gradient descent algorithms based on the Langevin Monte Carlo method
have been widely applied, which achieve global convergence in non-convex optimization problems
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by injecting appropriate Gaussian noise into the gradient estimates. Stochastic gradient Hamilto-
nian Monte Carlo (SGHMC) is a variant of stochastic gradient descent with momentum. Usually,
studies analyze the convergence of algorithm based on the assumption that the sample data are
i.i.d. However, in practice, sample data may be dependent. This paper provides non-asymptotic es-
timates for SGHMC algorithm under the condition that the data streams are dependent (satisfying a
certain conditional mixing property), establishes a convergence theorem for SGHMC algorithm un-
der the global Lipschitz condition, and obtains an upper bound of the Wasserstein distance between
the law of algorithm’s iterates and the target distribution.
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