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Transfer learning with deep convolutional neural networks substantially shortens the training process 
and boosts the performance of the target task, compared to training from scratch. However, transfer 
learning with a deep network may cause the model to forget the knowledge learned from the source, 
leading to the known catastrophic forgetting. Since the efficiency of transfer learning derives from the 
learned knowledge in the source task, the knowledge should be preserved during transfer learning. 
This thesis copes with this forgetting problem, and proposes two regularization schemes for 
preserving the knowledge during transfer learning. First we investigate several parameter 
regularization forms that all explicitly promote the similarity of the final solution with the initial 
model, based on the $L^2$, $L^2$-SP, and Group-Lasso penalties. We also propose the variants that 
use the Fisher information as a metric for measuring the importance of parameters. We validate these 
parameter regularization approaches on various tasks. The second regularization scheme is based on 
the optimal transport theory that can estimate the dissimilarity between distributions. We benefit from 
optimal transport to penalize the deviations of the output activations on the target task, with the same 
objective of preserving the knowledge during transfer learning. With a mild increase in computation 
time for the training, this novel regularization approach improves the performance of the target tasks, 
and yields higher accuracy on image classification tasks than parameter regularization approaches. 
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