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D-CAFL: transfer learning model using Covolutional Auto-Encoder and LSTM
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DeepLearning has built a great trajectory in the field of machine learning. However, while the success of many
tasks, it is less likely to be discussed for the reuse of trained middle layers. Then, we propose transfer learning
model named D-CAFL(Deep-CNN-AE-FV-LSTM), which can reuse trained middle layers. We adopt this model
to predict the rotation of the object. A final surprising result is that rotation can be estimated in the object that

has not been learned by our model.
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