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Concept Formation Realized by the Sampling Dynamics in Deep Generative Models
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Deep generative models are reported to be effective in wide applications including image generation. These models perform
probabilistic inference based on sampling process, but it still remains unclear how the models recognize the input data during
sampling. In this study, we numerically analyzed the dynamics of sampling in Variational Auto-Encoder trained with hierarchical
data. Our experiments demonstrated that the transient dynamics of the latent variable were first attracted to the “concept”, which
is the center of the memorized patterns, and then escaped into each memory. The trajectories reflected the hierarchy of the dataset,
and this behavior was closely related to the concept formation and retrieval process in recurrent associative memory models.
Moreover, as the input’ s noise got increased, the activity pattern was drawn into a more abstract concept. These results indicate
that the inference strategy of the model changes depending on input uncertainty.
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