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A comparative study of angular margin loss functions
applied to face recognition

CHEN Lin, ZOU Yuanwen

(College of Biomedical Engineering, Sichuan University, Chengdu 610065, China)

Abstract: Using Deep Convolutional Neural Networks ( DCNNs) and embedding learning to extract facial features is a common
method in face recognition tasks. The Softmax loss function is widely used in DCNNs, where Euclidean distance is applied to the
feature matrix learned by DCNNs, resulting in good face recognition accuracy, though there is still significant room for
improvement. Recently proposed angular margin loss functions have further improved face recognition accuracy. However,
comparative studies on angular margin loss functions in face recognition tasks are relatively scarce, and there is a lack of comparative
research on the impact of angular margin loss functions on face recognition accuracy across different facial datasets. In this study, we
trained a ResNet50 model using the MS1MV?2 dataset and used the Softmax loss function as a baseline. We conducted a comparative
study of three angular margin loss functions—ArcFace, CosFace, and Combined Margin (CM )—and evaluated their recognition
accuracy on three different facial datasets; LFW, CFP-FP, and AGEDB-30. Additionally, we adjusted the parameter m of the
angular margin loss functions and discussed its impact on the performance of face recognition tasks. Experimental results show that
angular margin loss functions significantly improve the model’s face recognition accuracy compared to the Softmax loss function.
Choosing the appropriate angular margin loss function and parameter settings for different datasets and task conditions can enhance
face recognition performance.
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Table 1 Dataset for training and testing

e S AR K EREIEE ¢
MSIMV2 85 000 5 800 000
LFW 5749 13 233
CFP-FP 500 7 000
AgeDB-30 568 16 488
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Table 2 Results of loss function on datasets

I LEW CFP-FP  AgeDB-30
Arcface(0.5) 0.998 33 0.976 29 0.981 00
Cosface(0.5) 0.998 17 0.975 43 0.980 17
Cosface(0.4) 0.997 83 0.978 14 0.980 50
Cosface(0.35) 0.998 17 0.978 43 0.979 67

CM1(1,0.3,0.2) 0.997 67 0.970 29 0.974 83
CM2(0.9,0.4,0.15)  0.996 67 0.965 86 0.970 17
Softmax 0.993 50 0.934 29 0.939 33
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