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Loss Function:
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SphereFace2

Brief history of hyperspherical face recognition

Large-Margin Softmax

+ Multi-class classification

training

« First to implicitly maximize
inter-class angular margin

FaceNet

» Metric learning training
framework

» Triplet loss (positive,
anchor, negative)

AM-Softmax & CosFace

+ Multi-class classification

training

SphereFace

* Multi-class classification

training

= First to explicitly introduce

angular margin

* Multiplicative margin

* Additive margin
+ Hard feature normalization

SphereFace-R

» Multi-class classification

training

* Unifying all hyperspherical

Face Recognition methods

* New multiplicative margins
» Stable training tricks

ArcFace

training

» Multi-class classification

* A new additive margin
» Hard feature normalization

SphereFace2

+ Binary classification training

« Alignment of training and
testing target

+  Multi-GPU Scalability
* Robustness to label noise

w/o Proxy

w/ Proxy

Triplet

FaceNet [29]
VGGFace [26]
Triplet [23]
MTER [52]

DeeplD [32]
DeepFace [35]
DeepID2" [31]

DeepID2+" [33]
SphereFace [17]
NormFace [38]
CosFace |37, 39]

ArcFace (4]

Ring Loss [51]
CurricularFace [10]
Circle Loss [34]

Pair

Siamese [3]
DeepID2” [31]
DeeplD2+ " [33]
Cont. CNN [8]

SphereFace2

FaceNet(triplet loss) -> Large-Margin Softmax (L-Softmax) -> Sphereface(A-Softmax) -> Additive Margin Softmax(AM-Softmax)
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SphereFace2: pair-based learning. with proxies
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Multi-class Classification - Binary Classification - Pair Verification
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(a) Current Multi-class Learning (b) Our Binary Classification Training (SphereFace2) (c) Open-set Testing

Which class?
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Visualizing One-vs-all
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Notation:Score
for blue label

Winner Take All will predict the right answer. Only the
correct label will have a positive score
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BCE loss:
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1:1 Veri. TAR @ FAR | 1:N Iden. TPIR @ FPIR
PN EH AM SA |LFW AgeDB-30 CA-LFW CP-LFW | Combined Method fe5 [le-d le3 |ramk-l le2 el
X X X X 9360 7167 63.40  74.07 74.49 VGGIE‘]’EZ (Sﬁljet) (21| 747 22'2 3;2 912 746 842
SOOX X X 19537 7290 7203 76.90 78.03 . 'VCL ] i T - -
V /X X |9860 8810 8998 8523 89.65 omparator Nets [46] | - : : - - §
J/ v/ / X | 99.62 92.82 93.07 90.85 93.87 Sphe‘reFace 86.07 9196 9566 | 94.83 83.15 8945
L o050 9368 0347 9L07 9428 CosFace 85.13 9098 0547 | 9425 80.89 88.17
ArcFace 86.12 91.60 9572 | 9471 8221 88.94
Circle Loss 84.05 90.83 9544 | 93.64 80.07 87.61
SphereFace2 80.04 9325 96.03 | 9470 85.65 91.08
Loss Function LFW AgeDB-30 CA-LFW CP-LFW | Combined Iden. (10° Distractors) | Veri. (FPR=1e-6)
Softmax Loss | 98.20  87.23 88.17 84.85 89.05 Tabel refined X = X "
Coco Loss [20] | 99.16  90.23 91.47 89.53 92.4
SphereFace [16, 17] [ 99.55  92.88 92.55 90.90 93.75 SphereFace | 71.53 86.49 85.02 88.48
CosFace [39] | 9951  92.98 92.83 91.03 93.89 CosFace 71.65 86.21 85.45 88.35
ArcFace [4] 99 47 91.97 92.47 90.85 93.97 ArcFace 73.65 R7.88 R7.77 R0 88
Circle Loss [34] | 9948  92.23 92.90 91.17 93.78 . - |
CurricularFace [10] | 99.53  92.47 92.90 90.65 93.70 Circle Loss | 71.32 85.94 84.34 87.96
SphereFace2 99.50  93.68 93.47 91.07 94.28 SphereFace2 | 74.38 89.84 89.19 91.94
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