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Abstract This paper analyzes the gradient descent method, which is the one most used for learning
neural networks. Learning means updating a parameter so the loss function is at its minimum. The loss
function quantifies the difference between actual and predicted values. The gradient descent method
uses the slope of the loss function to update the parameter to minimize error, and is currently used in
libraries that provide the best deep learning algorithms. However, these algorithms are provided in the
form of a black box, making it difficult to identify the advantages and disadvantages of various gradient
descent methods. This paper analyzes the characteristics of the stochastic gradient descent method, the
momentum method, the AdaGrad method, and the Adadelta method, which are currently used gradient
descent methods. The experimental data used a modified National Institute of Standards and Technology
(MNIST) data set that is widely used to verify neural networks. The hidden layer consists of two layers:
the first with 500 neurons, and the second with 300. The activation function of the output layer is the
softmax function, and the rectified linear unit function is used for the remaining input and hidden layers.

The loss function uses cross-entropy error.
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Fig. 1. Structure of Neaural Networks

o))

71EA w-; =A ‘iﬂz’ﬂ 2434 iHA FHI} ?:]Ei
29| A FHS AZ3I) FH9] &S rEs
}\]:LEO]E(SIngICD %:1’ 2} ReLu(rectifired hnear
unit) 57 AFREY, A|ORo|E e oLl 2

1
f(a) = @
ReLughs o3y} go] B
a (a>0)
f(a) {0 (a<0) &)
2.2 MEY &5
AAGE shEhe gL SASE Padhe U
o2 715X YulolEgit. 7P go] Kol &g
£ PAAF A e WARIE 2 1] @ xjolt}, HHEA|H A}
£ oI 2,
1
J=5 2= 1) @

TANE R QA theat 2

J=— Etkl 08Y;,
"

©)



2P A% A Hla

o714 gy AW B9, b= Al ki Hlole]
o] }U5E ekt A4 shee ARl £
(ypo] B3l 7V HES = S8R4T} Havt

HEes A9 7IEA(w)E Zohe g4l

=
=

I

3. 3% stg LugE
3.1 D|LEHX| =EX HAlotdd
AARPIEL a7 woll tiet &4k 7187
—3—01 &3to] &I FAHES A2 S
Ak o vt o] mAETHS).
w=w—n.V,Jw) ©)
07|14 nE 58|t

Aol Al S5R7F At =, BRI,
A AAedd 28 myuiR] 54 Akl
ojtt.

A AP mi S
A dlolg AES ARSI OP ]
Aol e 497t Bt o™
T E2 AlRto] Z#A ol8she

SEH AARPIHE WESE Al HOP‘% s
A9z AEE & Y w@lolE voll histo] ot
o] T3t
)40

w=w —n.VwJ(w;:c(i @)

-10

L L L L L L
0 00 1000 1500 2000 2300 3000 3500

Fig. 2. SGD fluctuation(Source: Wikipedia)
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Fig. 3. Fluctuation of SGD for 7=0.01 and 7=0.1
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