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Abstract Deep Learning is based on a perceptron, and is currently being used in various fields such
as image recognition, voice recognition, object detection, and drug development. Accordingly, a variety
of learning algorithms have been proposed, and the number of neurons constituting a neural network
varies greatly among researchers. This study analyzed the learning characteristics according to the
number of neurons of the currently used SGD, momentum methods, AdaGrad, RMSProp, and Adam
methods. To this end, a neural network was constructed with one input layer, three hidden layers, and
one output layer. ReLU was applied to the activation function, cross entropy error (CEE) was applied
to the loss function, and MNIST was used for the experimental dataset. As a result, it was concluded
that the number of neurons 100—300, the algorithm Adam, and the number of learning (iteraction) 200
would be the most efficient in deep learning learning. This study will provide implications for the
algorithm to be developed and the reference value of the number of neurons given new learning data

in the future.
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Sigmoid, ReLU(Rectified Linear Unit), Tanh(Hyperbolic
Tangent) 5°] oM, o|F &3] dlolHY HHGdS 1
st = it} Sk HFH o7 Alakd EEgky) BEg)
Atele] @ A5 YER= &4 ¥4 (Loss function) & 2]
s, =4 e et Al 2k WAt IERS] 9
z} Fol At

&4 o] HAsheE 7187 (gradient) & Alkste] 7]
717t S £ O 7 o] FAIATRE AN (gradient
descent) & o|&at=d], dHolH AXF wEke] F
(Inverse) W&o 725 alWie A4vh 4

2] & (backpropagation)< AR&3c},
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2. o] =4 w7

ol = wajb)x (¢D)

2.1.2 &A3} 3<4=(Activation Function)

e 9] 343} $F4=(activation function) & A]TLR
o] =(Sigmoid) ¥H29} ReLu(Rectifired Linear Unit) &
T7F 1o ReLu <= v 4] (2)9F o] A€t

St BN EATSRE daArlE BgoR
A% WAl fek. ol b o] ol £2%

TR it A A wA dEZI 9 AH(Cross
Entropy Error, CEE)7} J=H w2} JIEZ T @ A}+=

2] (3)3} Zeo] m¥E.

J== Y tlogy, (3)
k
of Al = AR el y, = AdYe] FH

S

2.2 A4 85 FElvke] A (optimizer)

2.2.1 Stochastic Gradient Descent(SGD)
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2.2.4 RMSProp

Adagrad= o' 3157} Z713te] wel o) Fol A

9] 0ol a7 EAIZE s, ol AS Earg
©] RMSProp®]th(7,8]. 21& (7)¢} o] dAATH
o n
Wit = Wy ) VU,J(wt) ()
VEIg]

ol2 913l UF 2% 7197] ke Al Hefulg
(p)g =43t ols+t S Toto] A& ¥
.

2.2.5 Adam

AdamS Momentum¥®} Adagrad €¢18]5S 2%
gk 2ol tH[13,14]. wheEbA] ABAlolA] ThEEe 7H“‘°1
4§53 o) & A3 FobAsl HeHTL e (8)sh
o]l xdEY

mt+1:51i(1_51)vu;f}(wt) (@)

1= 8,)(v, Jw,))?

Vi +1 :52W+(

o Wl 7 712710l A8l o] F 3

e
rlo
Lo
Iy
it

2 AT GEH AAF o, BuEH, AdaGrad,
RMSProp, Adam®] 4358 Walsta #H 24| A4S
T8 918t FAEJT. AMEE dlolE] Al
MNISTZ ©]& LeCuno] 73 Aoz Sulo] dy| 5=
2} dlolEl 2 60,000712] &5 dle]Ef e} 10,000712] &
2E dlo[H& A AA e A5 ASshE b
xﬂﬁlﬂog ] 2Q1tH15]. A4S 1719 9445, 3
Nel 2 e £S5 FAEIIth YT o]

A= ‘1 o
u)#] S 9Jalo] 28x28=78471¢] T o® FAs) Ai
1 S 2AE W] 918k 0olM 97 F 1



392 HAEFEIAT A204 A4s

Table 1. Total learning time for each algorithm

Numbers of Total learning time(seconds)
neurons
SGD Momentum AdaGrad RMSProp Adam

time Final time Final time Final time Final time Final

CEE CEE CEE CEE CEE

10 2.9 0.62 2.9 0.24 3.1 0.81 2.9 0.55 3.2 0.31

50 3.6 0.25 41 0.09 4.5 0.20 3.9 0.09 4.0 0.07

100 5.2 0.24 5.8 0.06 5.9 0.15 5.9 0.05 6.5 0.03

300 17.9 0.20 21.2 0.04 23.0 0.07 23.1 0.04 28.9 0.03

500 42.2 0.21 48.8 0.05 57.6 0.03 57.4 0.06 70.4 0.01
Aol FHog FAFL. eYU=2 10, 50, 100, 300, @} 8k 2Er} whakar o) 2F 5003] (iteration) F-E] YA
S00/I Sl 5 TS Sk exTe) 95 ol FHANT SaTrel 9 e relel 507

3.1 Learning Time for Each Algorithm
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3.2 Convergence of Loss Function according
to The Number of Neurons

3.2.1 Stochastic Gradient Descent(SGD)
Fig. goﬂ §LE 14 ﬁ/\]-ﬁl-ﬂ‘?j(SGD)Q] 7F é: 1434/“01]
e EAFS e etk Tt 1 o

SGD

Fig. 2. Test of SGD: neuron number=10, 50, 100, 300,
500
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Fig. 3. Test of Momentum: neuron number=10, 50,
100, 300, 500

3.2.3 AdaGrad
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Fig. 4. Test of AdaGrad :
100, 300, 500
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3.2.4 RMSProp
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Fig. 5. Test of RMSProp :
100, 300, 500

neuron number=10, 50,

3.2.5 ADAM
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Fig. 6. Test of Adam : neuron number=10, 50, 100,

300, 500
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3.3 Convergence of Loss Function according
to Algorithms

3.3.1 The Number of Neurons: 10
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Fig. 7. Test of SGD, Momentum, AdaGrad, RMSProp
and Adam : neuron number=10
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3.3.2 The Number of Neurons: 50
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. Test of SGD, Momentum, AdaGrad, RMSProp
and Adam : neuron number=>50
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Fig. 9. Test of SGD, Momentum, AdaGrad, RMSProp
and Adam : neuron number=100

3.3.4 The Number of Neurons: 300

Fig. 10. Test of SGD, Momentum, AdaGrad, RMSProp
and Adam : neuron number=300
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3.3.5 The Number of Neurons: 500
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Fig. 11. Test of SGD, Momentum, AdaGrad, RMSProp
and Adam : neuron number=500
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