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Joint supervision of center loss and softmax loss for face recognition

YU Chengbo, TIAN Tong, XIONG Di’ en, XU Linying
(Institute of Remote Test and Control, Chongging University of Technology,
Chongqing 400054, P.R.China)

Abstract: Nowadays, deep learning has made great achievements in face recognition. Most of the
convolutional neural network uses the Softmax loss function to increase the distance between classes.
However, adding samples of new classes will reduce the distance between classes and the performance of
the network. In order to improve the recognition ability of the network characteristics, a face recognition
approach based on joint supervision of center loss and Softmax loss is proposed. On the basis of Softmax,
first of all, a class center is maintained in the feature space for each class of the training set. When a new
sample is added to the training process, the network will constrain the distance of the classification center

of the sample, and thus both intra-class aggregation and inter-class separation are considered. Secondly, the
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concept of momentum is introduced. When the classification center is updated, by retaining the previous
update direction and using the gradient of the current batch to fine-tune the final update direction, the
method can increase the stability and improve the learning efficiency of the network. Finally, the test
experiments on the face recognition benchmark library LEW (labeled faces in the wild) prove that the
proposed joint supervision algorithm achieves 99.31% of face recognition accuracy on a small network
training set.
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Table 1 Recognition of face recognition performance under different models

J7 & R/ 5k e Y Acc. On LFW
DeepFace 4 M 3 97.35% +1.13
DeepID—2+ — 1 98.70% +1.08
FaceNet 200 M 1 99.63ss% +0.26
Baidu 1.3M 1 99.13% £0.13
JE 44 center loss 0.7 M 1 99.28 %

Model A 0.7 M 1 97.35% £0.08
Model B 0.7 M 1 99.24 % £0.11

Model C(Proposed) 0.7 M 1 99.31% +0.10
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Table 2 The performance of face recognize under different center loss
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