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Convolutional Neural Networks (CNN) have achieved high performances for many kinds of image recognition
tasks. However, deep learning requires a large labeled dataset takes much time. One of the known solutions is
using parameters pretrained with a large dataset, which makes it possible to use deep learning even if we only have
a small dataset. Still, it has some problems. First, the effect is little when the domains of those datasets are largely
different. Second, the architecture can be too large for training with an objective dataset because it is designed

according to the pretrained model.

In this work, we propose a novel technique for image segmentation tasks, which calculates a pair of linear
projections to minimize the distance between features of both RGB images and ground truths in the shared
space. In experiments, our method achieves higher accuracies and faster convergences of training loss than random

initialization.
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