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[Liu+, SphereFace, 2017]
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Triplet
= Loss

[Schroff+, DeepFace, 2015]

Anchor

Positive

1f(za) =

f(@a)lz

Negative

[Schroff+, DeepFace, 2015]

(z;)||3, if ¢ and j same identity
(z;)|l2)?, otherwise
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(BP: Back Propagation)
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(SGD: Stochastic Gradient Descent)

Ny F2E HBEENLECFET
e 2 7IVICDWVWTODEZED - BTN THEICEHAT SRE=%
a7z /L FIMETBcE®, V7
N IV LCREVRBRELTE

DIRY
E(w) = Z E,(w)
n=1
wittl) — wl) _ eVE with) = wlt) _ VE,

#h (tcEic) ERSEn%z
RIMELTWB C &IC



SZINYFEEAXAIY L

SINYF  HAEEXTEEDY Y TIVES S EICINT XA —YEH
By (w) = Nit S Ea(w)

neD,
EAVY L BIEHESIEE DFAEIDN 0s~00ZE S EHEIEEICINE
RIESIES

AwE—1) = wt—1) _ (t—2)

with) = wl) — eVE, + pAw(—Y

EXVILBL EXVI9LHBY



EHRHE (Weight decay)
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“Xavier” initialization [Glorot-Bengio10], PReLU[He+15]
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loffe+, Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift, 2015
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MNIST Multilayer Neural Network + dropout

N 10?
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- AdaGrad ; i

(adaptive gradient) [Duchi+2011]
t
0p = 011 — Oégt/\ ng
1=1

- ADAM L N S
(adaptive moment) [Kigma-Ba2015]

g: < Vo fi(0:—1) (Get gradients w.r.t. stochastic objective at timestep t)

my < 1 -me—1 + (1 — B1) - g« (Update biased first moment estimate)

vy < P2 -vi1 + (1 — Ba) - gt2 (Update biased second raw moment estimate)
my < my /(1 — B%) (Compute bias-corrected first moment estimate)

vy < vy /(1 — B%) (Compute bias-corrected second raw moment estimate)

0, — 0, 1 — «-m;/ (V0 + €) (Update parameters)



