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Variable Ladder Auto-Encoder Based on Total Correlation
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Abstract: Decoupling presentation learning based on deep learning can decouple multi-dimensional and multi-level poten-
tial generation factors within data by means of data generation, and explain their internal rules to improve the model’s ability
to explore data independently. However, the traditional decoupling model based on structured priori can only realize the de-
coupling between all levels, but cannot realize the decoupling within the levels, such as variational ladder auto-encoders
(VLAE). In this article, we first propose a variational ladder auto-encoder based on total correlation (TC-VLAE) , which is
based on the variational ladder auto-encoder based on total correlation. Then, the full correlation terms of unstructured priors
are added to each layer of the multi-level model structure as regularization terms to promote the independence of each dimen-
sion in the hidden space inside this layer, so that the model can realize the decoupling within the hierarchy and improve the
decoupling representation learning ability of the whole model. In model training, a progressive training method is adopted to
optimize model training and give full play to the advantages of multi-level model structure. Finally, comparative tests are
designed on the commonly used decoupling data sets 3Dshapes data set, 3Dchairs data set, CelebA face data set and dSprites
data set, and it is verified that TC-VLAE model has obvious advantages in decoupling representation learning.
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