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Dauphin Y N, Pascanu R, Gulcehre C, et al. Identifying and attacking the saddle point problem in high-dimensional non-
convex optimization[C]. neural information processing systems, 2014: 2933-2941.
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HtE1BE FFE: batch gradient descent
fEBE RBFE: stochastic gradient descent
IIMEESE TEE: mini-batch gradient descent
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end while
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— Batch gradient descent
— Mini-batch gradient Descent
—— Stochastic gradient descent
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o SGD(batchsize=128 learningrate=0.1) 5 SGD(batchsize=128 learningrate=0.1)
10° 4 —— SGD(batchsize=256 learningrate=0.2) 10° —— SGD(batchsize=256 learningrate=0.2)
~— SGD(batchsize=512 learningrate=0.4) - SGD(batchsize=512 learningrate=0.4)
—— SGD(batchsize=1024 learningrate=0.8) —— SGD(batchsize=1024 learningrate=0.8)
10 - 1/ NEpochBE>R1
g poc = /A terations
A ZLEN
AL NE-)§==]
- HEKR/NK
10-7 4 10-2 +
6 560 10I00 15'00 20l00 25I00 30I00 0 1|O 2'0 3|0 4|0 SIO 6'0 7I0 8l0
iteration epochs
/ \ P M- T {1,
(a) 411K ( Iteration ) HYHAAE(L (b) #%[A15 ( Epoch ) HJ#

FIMEEEFA—IRIEN, %%WﬁEMH$Eﬁ—Lt—A@A

Bottou L, Curtis F E, Nocedal J. Optimization methods for large-scale machine learning[J]. Siam Review, 2018, 60(2): 223-311. 16
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— Batch gradient descent
— Mini-batch gradient Descent
—— Stochastic gradient descent
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Kingma D P, Ba J. Adam: A Method for Stochastic Optimization[C]. international conference on learning representations, 2016.
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10EM%8, tanh, 8—ERISEEEMTIESS (0, 0.01) B—EmdESTHNELE

48



| ETLEEIIZSEIR
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WNR—MBZLTTIVRINIERRSZ, BNE MNmNEE ERINERN 1Z/)\—LE,
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FN: LA EFREREL f(x) , IEARIREL T, Was BRE a(x, F()
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