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Chopra, S., Hadsell, R., & LeCun, Y. (2005, June). Learning a similarity metric discriminatively, with application to face verification. In 2005 IEEE Computer Society Conference on

Contrastive loss — 2005 CVPR
20214 118 84 7|1 32413| o1&

Learning a Similarity Metric Discriminatively, with Application to Face
Verification

Sumit Chopra

Raia Hadsell

Yann LeCun

Courant Institute of Mathematical Sciences
New York University
New York, NY, USA
{sumit, raia, yann} @cs.nyu.edu

Abstract

We present a method for training a similarity metric from
data. The method can be used for recognition or verification
applications where the number of categories is very large
and not known during training, and where the number of
training samples for a single category is very small. The
idea is to learn a function that maps inpur patterns into a
target space such that the Ly norm in the target space ap-
proximates the “semantic” distance in the input space. The
method is applied to a face verification task. The learning
process minimizes a discriminative loss function that drives
the similarity metric to be small for pairs of faces from the
same person, and large for pairs from different persons. The
mapping from raw to the target space is a convolutional net-
work whose architecture is designed for robustness to geo-
metric distortions. The system is tested on the Purdue/AR
Sface darabase which has a very high degree of variability in
the pose, lighting, expression, position, and artificial ocelu-
sions such as dark glasses and obscuring scarves.

Computer Vision and Pattern Recognition (CVPR05) (Vol. 1, pp. 539-546). IEEE.

&N
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per category. A common approach to this kind of problem
is distance-based methods, which consist in computing a
similarity metric between the pattern to be classified or ver-
ified and a library of stored prototypes. Another common
approach is to use non-discriminative (generative) proba-
bilistic methods in a reduced-dimension space, where the
model for one category can be trained without using exam-
ples from other categories. To apply discriminative learn-
ing techniques to this kind of application, we must devise
a method that can extract information about the problem
from the available data, without requiring specific informa-
tion about the categories.

The solution presented in this paper is to learn a similar-
ity metric from data. This similarity metric can later be used
to compare or match new samples from previously-unseen
categories (e.g. faces from people not seen during training).
We present a new type of discriminative training method
that is used to train the similarity metric. The method can
be applied to classification problems where the number of
categories is very large and/or where examples from all cat-
eaaries are not availahle af the time of trainine
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% Tnplet loss — 2015 CVPR
< 20214 112 8¢ 7|&= 90672 21&

FaceNet: A Unified Embedding for Face Recognition and Clustering

Florian Schroff Dmitry Kalenichenko James Philbin
fsch £ le.com dkalenich le.com jphilbing@ gle.com
Google Inc. Google Inc. Google Inc.

Abstract

Despite significant recent advances in the field of face
recognition [10, 14, 15, 17], implementing face verification
and recognition efficiently at scale presents serious chal-
lenges to current approaches. In this paper we present a
system, called FaceNet, that directly learns a mapping from
face images to a compact Euclidean space where distances
directly correspond to a measure of face similarity. Once
this space has been produced, tasks such as face recogni-
tion, verification and clustering can be easily implemented
using standard techniques with FaceNet embeddings as fea-
ture vectors.

Qur method uses a deep convolutional network trained
to directly optimize the embedding itself, rather than an in-
termediate bottleneck layer as in previous deep learning
approaches. To train, we use triplets of roughly aligned
matching / non-matching face patches generated using a
novel online triplet mining method. The benefit of our
approach is much greater representational efficiency: we
achieve state-of-the-art face recognition performance using
only 128-bytes per face.

Figure 1. Illumination and Pose invariance. Pose and illumina-

Schroff, F., Kalenichenko, D., & Philbin, J. (2015). Facenet: A unified embedding for face recognition and clustering. In Proceedings of the IEEE conference on computer vision and
pattern recognition (pp. 815-823).
Data Mining - 40 -
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A Discriminative Feature Learning Approach
for Deep Face Recognition

Yandong Wen!, Kaipeng Zhang!, Zhifeng Li'™), and Yu Qiac'-2
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Shenzhen Institutes of Advanced Technology, CAS, Shenzhen, China
yandongwlandrew. cou.edu, {kp.zhang,zhifeng.li,yu.giac}@siat.ac.cn
? The Chinese University of Hong Kong, Sha Tin, Hong Kong

Abstract. Convolutional neural networks (CNNs) have been widely
used in computer vision community, significantly improving the state-of-
the-art. In most of the available CNNs, the softmax loss function is used
as the supervision signal to train the deep model. In order to enhance
the discriminative power of the deeply learned features, this paper pro-
poses a new supervision signal, called center loss, for face recognition
task. Specifically, the center loss simultaneously learns a center for deep
features of each class and penalizes the distances between the deep fea-
tures and their corresponding class centers. More importantly, we prove
that the proposed center loss function is trainable and easv to optimize
in the CNNs. With the joint supervision of softmax loss and center loss,
we can train a robust CNNs to obtain the deep features with the two
key learning objectives, inter-class dispension and intra-class compact-
ness as much as possible, which are very essential to face recosnition.
It is encouraging to see that our CNNs (with such joint supervision)
achieve the state-of-the-art accuracy on several important face recog-
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Wen, Y., Zhang, K., Li, Z., & Qiao, Y. (2016, October). A discriminative feature learning approach for deep face recognition. In European conference on computer vision (pp. 499-515).
Springer, Cham.
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Deng, J., Guo, J., Xue, N., & Zafeiriou, S. (2019). Arcface: Additive angular margin loss for deep face recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (pp. 4690-4699).

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation

Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore

ArcFace: Additive Angular Margin Loss for Deep Face Recognition

Jiankang Deng * '3 Jia Guo * 2

Imperial College London

{j.dengl6, n.xuel5,

Abstract

One of the main challenges in feature learning using
Deep Convolutional Neural Networks (DCNNs) for large-
scale face recognition is the design of appropriate loss
functions that can enhance the discriminative power. Cen-
tre loss penalises the distance between deep features and
their corresponding class centres in the Euclidean space
to achieve intra-class compactness. SphereFace assumes
that the linear transformation matrix in the last fully con-
nected layer can be used as a representation of the class
centres in the angular space and therefore penalises the an-
gles between deep features and their corresponding weights
in a multiplicative way. Recently, a popular line of research
is to incorporate margins in well-established loss functions
in order to maximise face class separability. In this paper,
we propose an Additive Angular Margin Loss (ArcFace) to
obtain highly discriminative features for face recognition.

Niannan Xue'
’InsightFace

s.zafeiriou}@imperial.ac.uk ,
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3FaceSoft

guojia@gmail.com
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Figure 1. Based on the centre [ 7] and feature [ 5] normalisation,
all identities are distributed on a hypersphere. To enhance intra-
class compactness and inter-class discrepancy, we consider four
kinds of Geodesic Distance (GDis) constraint. (A) Margin-Loss:
insert a geodesic distance margin between the sample and cen-
tres. (B) Intra-Loss: decrease the geodesic distance between the
sample and the corresponding centre. (C) Inter-Loss: increase the
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