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Table 3.1 Statistic summary
CNY CNY Return CNH CNH Return

mean 6.295 0.000 6.291 0.000
median 6.237 0.000 6.235 0.000
max. 6.811 0.006 6.785 0.013
min. 6.041 -0.006 6.020 -0.009
s.d. 0.171 0.001 0.165 0.002
skewness 0.953 0.032 0.780 0.991
kurtosis 0.208 4.023 -0.089 11.623

23 Ay.9) 93} ABAE £8 HWAS A 93] 439 Dickey-Fuller (ADF)]
2 04 E ol 8sjel BAstglch. olo] tlak ADke Table 3,200 AXIE 9.
Table 3.2 The ADF unit root test

CNY CNY Return CNH CNH Return
-2.271 (0.464)  -10.162 (0.010)  -2.410(0.405) -10.445 (0.010)

99 AR AT} (Table 3.2), CNYS} CNH AJA|Ee] &8 ADF AR EAZF F472 -2.2713%
-2.4090]" p-value $2= Z+7} 0.4643 0.4050]th. waba] BAA 5% [5IolA] Z+
Aol EAgTe AFMES 7148 & ¢l7] "ol CNYS CNH AJA g2 vj@Adoleta & 5
Aok a2y 42 AH A3 CNYRHSHET CNHHSHE A A D] 349 ADF AASAS 234532
-10.1627} -10.445°] ™ p-value $21+= Z+zF 0.013%} 0.010|th. wabA] 5% -FolA] ZF A1 A
o] et AFMEES 7174 £ Q7] wiEol] CNYWH3-&7 CNHRHS S thet Al
Aol & 4 vk wEbAd F= JU-9] f3 AESE] HIlE AALGAE olw e FAES
3 3T AAEkA] ol viE RYPFAES St
B

A8 98 £98 AR FAR B

99 RS o] A7kl ek MBI oY AEIE WEHE Ao
2 BN B AT A E 53 -9 S8l AR o8] WEAL A9s T 49e 4 9

+ GARCH BE3¥E AHg3to] A58 FA 330t

%4 ARCH LM (lagrange multiplier) 71732432 ARCH &35 49 HE Y (Table 3.3), A%} 2,
5, 10614 p <0.05 &2 FojuatA F= Aul-9] 93} dESE FoEol B&s ARCH &7 &
NS & 4 Ark ol A9 A AAPAS piE obet 2AREA AAAS ¢7HA] s
GARCH R 3o] do3tlug, x5 £4 A] o]& #8383t
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Table 3.3 ARCH LM tests

lag CNY CNY Return CNH CNH Return
Chi-square (p-value) Chi-square (p-value) Chi-square (p-value) Chi-square(p-value)
2 68.775 (1.11E-15) 81.426 (2.2¢-16) 135.702 (2.20E-16) 164.583 (2.20E-16)
5 74.487 (1.19E-14) 85.732 (2.2¢-16) 144.940 (2.20E-16) 176.545 (2.20E-16)
10 79.449 (6.44E-13) 91.335 (2.887e-15) 155.526 (2.20E-16) 188.817 (2.20E-16)

GARCH R3] 9|8 24 A3} (Table 3.4)2 E¥, GARCH 239 Az o} g9 ol
Z47F 0.9969F 0.996 22 1R TE ZLo WA 19 wf-g 77k ZAgES 7Hth mebA] o+ HEA 54
(volatility shocks)ol] m]-¢- 2|42 (persistent)o]gl= AL on|ditt. .9 935S nws] & o,
H9] 937t A7) d o= B Ak S5 O w2

Table 3.4 Estimation results of GARCH (1,1) model

CNY Return CNH Return
estimate s.e. t p-value  estimate s.e. t p-value
o 0.000 0.000 -3.132 0.002 0.000 0.000  -1.909 0.0562
w 0.000 0.000 2.088 0.037 0.000 0.000 2.938 0.003
«a 0.198 0.035 5.662 0.000 0.128 0.020 6.263 0.000
B 0.815 0.030  27.017 0.000 0.862 0.021  41.281 0.000

Table 3.4 3 GARCH (1,1)9] A3= ok} 2t}
o2 =0.198¢2_, 4+ 0.81502_,
of =0.128¢2_, + 0.86202
e dFAADEES A8 23S MLP-GARCH¥ 924d<S 533 DL-GARCH &
23} o] % GARCH(1,1)o1A Al4ket Al A3t} (Table 3.5).

o =0.198¢2_, + 0.81502_;
2 =0.198¢2

o2, = 081507,
o 9] 9 ok}
of =0.128¢2_; + 0.86202

e ) =0.128¢2

o2 ) = 086207,

Table 3.5 Summary of inputs in models

Asset Model Input
MLP-GARCH 0.198 €2_,
CNY DL-GARCH 0.815 o2,
2
ONH MLP-GARCH 0.128 ¢2_,

DL-GARCH 0.862 07,
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Table 3.6 Optimal artificial network models

Optimal Network MLP-GARCH DL-GARCH
CNY CNH CNY CNH
Hidden Layerl 2-4-1 2-4-1 2-5-1 2-4-1
Hidden Layer2 2-4-2-1 2-1-1-1 2-1-4-1 2-1-5-1
Hidden Layer3 2-4-2-4-1 2-3-5-1-1 2-4-4-4-1 2-1-5-4-1

I

o AT AFAAY BHLE 209 AR 1709 2L 22T 1377409 9%
wRsel Wake Folo el SRR Yl B s 9

OP

o

AALEAAN oAZE A2k HE4E Aol A olFolAckn & + glch A3
AEE Bl AEE BFAFLA (MSE), A2 BFAFLA (RMSE), Bz AuAdEex
(MAPE) 93 3281234 (MAE)So] € & 901}, duAo A FaAFeNs
25k Toble 378 WARLE I3 29T A AAAATAIL

FHENE Fold R YAW HAEARN B
itk ol gl Ake L4937 qAsts
itk 5, 22 2uFo] 49 283 ke LUFVORE Fo] o
th olshWihE Yo 49 eUFo B4R LA FolE

Table 3.7 RMSE of the training and testing

RMSE MLP-GARCH DL-GARCH
CNY CNH CNY CNH
Hidden Layerl  0.00000581  0.00000638  0.00000371  0.00000349
Training  Hidden Layer2  0.00000506  0.00000495  0.00000372  0.00000354
Hidden Layer3  0.00000487  0.00000457  0.00000369  0.00000348
Hidden Layerl  0.00000474  0.00000285  0.00000136  0.00000106
Testing Hidden Layer2  0.00000829  0.00000374  0.00000007  0.00000022
Hidden Layer3  0.00000686  0.00000710  0.00000040  0.00000023
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89 23958 20159 89 6947b4 -] F1ok8L B WEA ol 3] ofs) GARCHE G| chebA
A4 FE} A% MLP-GARCH 233 vlw #A4& 3t 1 Z3 DL-GARCH 232 MLP-
GARCHETH 23 91913} o9 #8054 o3 WA 8% o A4E IS AFsarh ol
NRANALR Gl FATEY St Pelde AR mPo] BE WA o5 EAl 389 5 9
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T FEAAD HelHel $83 4 gt I ks S HelEt
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Abstract

The People’s Republic of China has vigorously been pursuing the internationaliza-
tion of the Chinese Yuan or Renminbi after the financial crisis of 2008. In this view,
an abrupt increase of use of the Chinese Yuan in the onshore and offshore markets are
important milestones to be one of important currencies. One of the most frequently
used methods to forecast volatility is GARCH model. Since a prediction error of the
GARCH model has been reported quite high, a lot of efforts have been made to improve
forecasting capability of the GARCH model. In this paper, we have proposed MLP-
GARCH and a DL-GARCH by employing Artificial Neural Network to the GARCH.
In an application to forecasting Chinese Yuan volatility, we have successfully shown

their overall outperformance in forecasting over the GARCH.

Keywords: Deep learning, DL-GARCH, GARCH, The Chinese Yuan, volatility.
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