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Abstract: Under the unconstrained conditions, intra-personal variation is much larger than the inter-
personal variation in face images due to the affecting factors such as expression, posture, illumination and
background etc. To reduce the influence of larger intra-personal on face verification, we proposed a simi-
larity metric learning method with priori similarity and priori distance constraint by combining weighted
subspace. First, the weighted intra-personal covariance matrix is learned by employing intra-personal face
samples. By projecting into the intra—subspace, robust face feature representations can be obtained from

face images. Second, we set up the similarity metric learning model with priori similarity and priori distance
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constraint, which effectively employs the similarity and discrimination information of samples that are in

pairs, and the learned metric matrix can improve the robustness to intra-personal and discrimination to in-

ter-personal. Finally, the updated metric matrix is used to compute the similarity scores of face — pairs.

The experiments have been conducted on the Labeled Faces in the Wild (LFW) dataset, which shows the

effectiveness of our proposed model. Compared with other metric learning methods, our learned metric

matrix has higher accuracy rate for evaluating the face-pair similarity, and achieves a verification rate of

91.2% on the restricted setting.

Key words:intra-personal variations; weighted subspace; similarity metric learning; face verification
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Same person with two images in each row
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Fig. 2 Based on SIFT features, the results of face verification with different

metric matrix under different projection methods
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Fig.3 Based on LBP features, the results of face verification with different metric
matrix under different projection methods
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Fig. 4 Based on VGG-face features, the results of face verification with different metric
matrix under different projection methods
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Fig.3 Performance of face verification
with different a.,u on “aligned” dataset
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Tab.5 Results of our proposed method with
comparison to the other methods
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Fig. 4 ROC curve of our proposed method
with comparison to the other methods
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