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SGD with Momentum
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Nesterov
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Adagrad
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RMSprop
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Adam
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Adamax
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Welight Decay
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L2 regularization
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Keras: http://keras.io/regularizers/
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N1 ZE H A

1: given learning rate o € IR, momentum factor 3; € IR, weight decay factor w € IR
WiXt—1 2: initialize time step ¢ < 0, parameter vector x;—¢ € IR", first moment vector m;—_q < 0,

CIBA TR edilemitplicrno ¢ R

repeat
weight decay e i+l

V fe(x¢—1) < SelectBatch(x;_1) > select batch and return the corresponding gradient
g < Vfi(xi—1) [Fweki 1
ne < SetSchedule Multiplier(t) > can be fixed, decay, be used for warm restarts
my < Bimy_1 + nyoug,
Xt < X¢—1 —my | —NiWeXg—1

until stopping criterion is met

return optimized parameters x;
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Ad a m \/\/ Algorithm 2 [Adam and |AdamW

1: given o = 0.001,8; = 0.9, 82 = 0.999,¢ = 1078, w € R
ny/ 2: initialize time step ¢t < 0, parameter vector x;—o € R", first moment vector m;—q < 0, second
ARkl o o -

. . moment vector v¢—g <— 0, schedule multiplier n;—¢o € R
1Jc/ \‘h _I I

: repeat

3
Wej 4 t<t+1 _ _
! 5:  Vfi(xt—1) < SelectBatch(x;—1) > select batch and return the corresponding gradient
Sj:eca Iﬁ?ﬂ] 6 g, Vfi(x:_.) RN
/J;E_%)i JE' 'f«t T 7. my < Bime—1+ (1 — P1)g, > here and below all operations are element-wise
- 8: vy Pave—1+(1— B2)g? _
¢ j;)llj(*ﬁ%r— Ell:l 9: <+ my/(1— %) > here, f; is taken to the power of ¢

7= 10: vy < vy /(1 — BY) > here, 35 is taken to the power of ¢
Welg ht d €Ca —m 11:  n < SetScheduleMultiplier(t) > can be fixed, decay, be used for warm restarts

55 T 7,— IZT'J:'L'/_\E 12: Xt < Xt—1 — Nt (aﬁlt/(\/f’—t + 6) Fwext—1 )
Z_ 1 Eﬁ El] o Welq ht 13: until stopping criterion is met
deca }jz 'LZ 'ﬁ‘z;fﬁ a= 14: return optimized parameters x;
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NORMALIZED WEIGHT DECAY
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Warm restart
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Figure 3: Top-1 test error on CIFAR-10 (left) and Top-5 test error on ImageNet32x32 (right).
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