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The Problem

Problem 1: Inconsistency between Training and Testing

The Problem The Experiments

High 2. Face Verification Results:

L2-Norm

For faces, low norm features are usually

Trainin Te Stin . Method Acc % (MegaFace) 10~ (CFP) Metﬁinod | 10 10> 107* 1073
5 | 5 Folx;) low-resolution, blurry and off-angled hard j SM 56.36 55.86 Bodla er. al. Finall [3] - - 8L 8289
CNN Fo(x;) Softmax — CNN , Test samples follow similar behavior. [2-Cons SM (10) [17 66.20 76.77 ZSQM a0 264146 43-02 64-52 80.22
, Cosine SM + CL [26] 67.24 78.94 “Cons SMGSOYLIZL 2447 52,52 73.36 87
X; Feature Feature [Loss Feature . ( ) Match Low SF [14] 24 05 20,04 [2-Cons SM (20) [17]  21.14 48.82 68.84 85.34
. o\ X; dLCI1N 2 L2-Norm - | [2-Cons SM (10) [17] 1328 36.08 57.80 78.36
Extractor } - 6' Extractor / 2;{1% 528’1 14] ;i g S?'Z; SM + CL [26] 288 2087 6571  84.55
Xj Feature (0.01) 5 - SF [14] 2851  63.92 8229  90.58
'<:_3)f~ SM + R (0.001) 71.67 31.29 SF + CL [26, 14] 28.99 5336 7291 86.14
i - SM + R (0.0001) 69.41 76.30 SM + R (0.01) 25.17 52.60 7356 87.50
. o SF + R (0.03) 73.05 36.23 SM + R (0.001) 26.62 54.13 7456  87.93
Constrain ||w, || = 1, we are optimizing on: J SF + R (0.01) 74.93 90.94 SM + R (0.0001) 1735  50.65 71.06 85.48
T _ SF + R (0.001) 75.22 87.69 SF + R (0.03) 2727 5684 7697 88.75
wi. Fo(x;) =p|Fe(x;)] os(wk,}"g (xl-)) 4-%} COS (Te (x;), Fo (xj)) < 4 _ R SF + R (0.0001) 74.45 88.17 SF + R (0.01) 3518 65.02 8274 90.99
min Ly, SF + R (0.001) 3219 6313 81.62  90.17
. o,w ) Table 2: Identification rates on MegaFace with 1 million distractors (Accu- SF + R (0.0001) 32.01 63.12 81.57 90.24
) racy %) and Verification rates at 10~3 FAR for the CFP Frontal vs. Profile
l constraln H T 0 (xl) H protocol. Table 4: Verification % on the Janus CS3 1:1 verification protocol.
cpe e . e p
Effect on Classification Angular Margin: éni% Ley  S.t. ||Fo(x)|| =R, Vi N
W, Method 10— 10~* 1073
D100 ~ - } o )
g h 3. Performance On [2-Cons SM (101) [17] 87.9 93.7
w2 4 =3 §5=0.1 : : resnape [2-Cons SM* (101x) [17] - 88.3  93.8
d gol 50,2 : . Softmax features Radial features  Ring-shaped features p . . . .
S s Difference in feature norm . Low-resolution images: SM 6052 69.69 83.10
f= =0. _ _ Problem 1 and 2 Problem 2 min Lep, + Lp [2-Cons SM (30) [17 7329  80.65 90.72
<" 60 | o leads to imbalance in class ! 6,w,R . [2-Cons SM (20) [17]  67.63 76.88 89.89
= : fnrtive: Minimi : — — — [2-Cons SM (10) [17 5374 68.58 83.42
5 Ll =08 angular margin Objective: Minimize th.e difference between feature N | oL 26 o o e
I 5=0.8 norm and a shared radius R. r A . Y2 / SF [14] 7852 880 93.24
5 _ - || — o o / o SF + CL [26, 14 7235 81.11 89.26
A 20F b : R 9N (1Fe (x:) ) g g | & SM+ R E) 01 ] 7253 791 908
7 5=1.0 Result: All features share roughly the same norm R. _ : : : +R (0.01) - - -
o] o . i - 5 o 5 o SM + R (0.001) 7841 850 915
o OO , ] - - . 4 Classification loss only depend on cosine. * 1:loss weight € R* 5 5 5 SM + R (0.0001) 69.23 8230 89.20
. . . . . . 0.2 0.2 0.2 SF + R (0.03) 79.54 85.37 9l.64
r=lix I A 1 v Reduction in low norm features during testing. * R:target radius for all feature (trainable) € R SF + R (0.01) 8241 88.5 93.22
0 = 0 & - 0 SF + R (0.001) 79.74 8771 92.62
) U Rsens o m T R SF + R (0.0001) 80.13 86.34 92.57
Problem 2: High Angular Variation for Low-norm Features The Experiments o o iosovm | Tl taon 10 13- s L1 velfoion roect. 12
h o SM+ R OO ResNet/ResNext architecture.
\ . » High variation area ) g
Wi Wi in testing ws 1. Face Matching Score Improvement:
Softmax Loss > Softmax Loss + Ring Loss L2-Softmax Loss = Softmax Loss + Ring Loss s ,
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0.185 — 0.385 0.195 — 0.649 0.283 — 0.628

0.451 — 0.822

0.152 — 0.354

As we manually decrease the resolution of the image,
performances of all face recognition methods drop. However,
0.273 — 0.585 since Ring loss is able to efficiently learn hard examples while
regularizing the norm, it consistently outperforms other
methods.
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0.357 — 0.560

Angular variation for low norm features is usually higher than high norm features due to variation in feature
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samples (e.g. during testing).
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0.215 — 0.437 0.219 — 0.419 0.243 — 0.469 0.320 — 0.526 0.017 — 0.351 0.337 — 0.660 0.028 — 0.471 0.186 — 0.517
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