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Abstract The existing face representation learning methods based on deep convolutional neural network demand mas-
sive labeled face dataset. In real-world application, it is difficult to precistly annotate the labels of face dataset. In this
paper,an unsupervised forward convolutional neural network based face representation learning algorithm was pro-
posed. By design, virtual labels of training samples were abtained based on K-means clustering and then convolution ker-
nels were learnt by linear discriminant analysis. The network architecture in this paper is simple and effecitve and does
not need back propagation during training, so its training speed is much quicker than supervised deep convolution neural
network. The experimental results demonstrate that the proposed method in this paper out performs the state-of-the-art
unsupervised feature learning algorithm and local feature descriptors in both real-world Labeled Face in the Wild
(LFW) dataset and the classical controlled Feret dataset.
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