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Abstract Probabilistic generative models are important methods for knowledge representation. Exact
probabilistic inference methods are intractable in these models, and various approximate inferences are
required. The variational inferences are important deterministic approximate inference methods with
rapid convergence and solid theoretical foundations, and they have become the research hot in
probabilistic generative models with the development of big data especially. In this paper, we first
present a general variational inference framework for probabilistic generative models, and analyze the
parameter learning process of the models based on variational inference. Then, we give the framework
of analytic optimization of variational inference for the conditionally conjugated exponential family,
and introduce the stochastic variational inference based on the framework, which can scale to big data
with the stochastic strategy. Furthermore, we provide the framework of black box variational
inferences for the general probability generative models, which train the model parameters of
variational distributions based on the stochastic gradients; and analyze the realization of different
variational inference algorithms under the framework. Finally, we summarize the structured
variational inferences, which improve the inference accuracy by enriching the variational distributions
with different strategies. In addition, we discuss the further development trends of variational

inference for probabilistic generative models.

Key words probabilistic generative model; variational inference; conditional conjugate exponential

family; black box variational inference; structured variational inference
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Fig. 1 The graphical models of two models
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FIHM = 3 & Rt 5311 o6 BB BE L 45 5 B =X )
SRAESY R B BEBLAES FE T T B B 1 = A O
# K gumbel-max 5, I Fl i softmax #E
B argmax BAE BB RE S
4.4 SWMTHEERTE
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B lE 2 (b) Firs , e, L2 Sk 2R A2 ol A L 1
2R S A I B AR T 0 P AL S HE HEG D A9 10
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Fig. 2 The graphical models of two inferences
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