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Partial Area Under Curve optimization for face recognition system

TANG Linruize, BAI Zhongxin, ZHANG Xiaolei”
(School of Marine Science and Technology, Northwestern Polytechnical University , Xi'an Shaanxi 710072, China)

Abstract: Deep learning based face recognition has outperformed traditional methods in many
application scenarios. There are two main lines of research to design loss functions for face recognition, i.
e., verification and identification. The verification loss functions match the pipeline of open—set face
recognition, but it is hard to implement. Therefore, most state—of—the—art deep learning methods for face
recognition take the identification loss functions with softmax output units and cross—entropy loss.
Nevertheless, identification loss function dose not match the training process with evaluation procedure.
A verification loss function is proposed for open—set face recognition to maximize partial area under the
Receiver—Operating—Characteristic(ROC) curve, partial Area Under Curve(pAUC). A class—center
learning method is also proposed to improve training efficiency, which is critical for the proposed loss
function to be comparable to the identification loss in performance. Experimental results on five large
scale unconstrained face recognition benchmarks show that the proposed method is highly competitive
with state—of—the—art face recognition methods.
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Table2 Verification result of different loss functions(CASIA,ResNet50)

loss functions LFW CFP-FP AgeDB-30
PAUC-R($=0.001) 97.68 91.86 88.75
pAUC-R(f=0.01) 97.81 92.11 89.62
pAUC-R(8=0.1) 97.75 91.81 88.82
pAUC-R(B=1) 96.12 88.98 87.93
pAUC-C(f=0.001) 99.54 95.52 94.88
pAUC-C(£=0.01) 99.48 95.37 94.57
PAUC-C(f=0.1) 99.51 95.45 94.49
pAUC-C(f=1) 98.75 90.67 90.12
Triplet(0.35) 98.98 91.90 89.98
SphereFace(1.35) 99.11 94.38 91.70
CosFace(0.35) 99.51 95.44 94.56
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Fig.4 ROC curves of different loss functions on UMDFaces
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