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EERIN—EARLELR s ERPERBAM CGEA s BRGNS TR

CHEERRET e Ty BEFSHREAT  RENBHERERERERY
AR B AZATHEEZ T EY > RERGERA RS ARERETY > RIEF
FRIAKE LR E AR R o REREF S REMBBRY > HRLIER
8RBT REOFRE > 2L A BIRIEGFIEAFIEG LR » RIFARAS

o H e & KA R R AT @

AL E# %% Yilmaz and Arabaci (2021) #9428 » % [B £ 69 78 B 37 9 s M Fe
FFRERMEI S 53 4E R EEH B T35 8 = EF (Autoregressive Integrated Moving
Average, ARIMA) £ A F= ] /Z & 7] (Self-Attention, SA) #H] 95| # £ 75 e 7T AR

F8F L E IR B AR R EATHAR] LR A Yilmaz and Arabaci (2021) #t
7 ¥ 4% A k48 8172 1& (Long Short-term Memory, LSTM) 4% 47 ARIMA-LSTM 4% 7
B AR AR AT AR > RN B E & A % H 89 ARIMA-SA £ 7 8
TAR AL T 3 ARIMA-LSTM A £ 45 2 » A Z &7 B EERFEAR T @ & %475
WA RERRIERFGER o 5 » T F 2 Yilmaz and Arabaci (2021) P7 # 7 89 &

£ > ARIMA-LSTM & & /£ A [E £ 308 5 & 69 TR B A 78 % 20T T AR o

BlaEs R AR HM/FH]  REASY - REEH
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Abstract

Exchange rate forecasting has long been an issue of interest to academics, industries,
and governments, where changes in exchange rates may affect real economic activity and
financial markets. Many studies have shown that traditional economic models cannot
beat random walk models for out-of-sample forecasting of exchange rates, because most
of the traditional models are linear, while exchange rate series are inherently dynamic and
non-linear. In recent years, many deep models have been proposed, and although they
are mainly used in natural language processing studies, their excellent ability to capture
nonlinear properties has led more and more studies to try to apply them in exchange rate

prediction.

This paper mainly refers to the model from Yilmaz and Arabaci (2021), which splits
the forecast of exchange rate into linear and non-linear components, using the Autoregres-
sive Integrated Moving Average (ARIMA) model and Self-Attention (SA) mechanism to

forecast the return of USD/CAD, AUD/USD, and GBP/USD respectively. Comparing
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this model with the ARIMA-LSTM model using the Long Short-term Memory (LSTM)

framework in Yilmaz and Arabaci (2021) and the random walk model, the results show

that the ARIMA-SA model has worse predictive power than the ARIMA-LSTM model.

Moreover, unlike the results shown by Yilmaz and Arabaci (2021), the predictive power

of the ARIMA-LSTM model in terms of daily exchange rate returns is inferior to that of

the random walk model.

Keywords: Forex, Prediction, Time Series, Deep Learning, Hybrid model
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1.1 AR

IEEFERAACARGTE LR AREF LR — EEEHFETH
EFHEHNEA G - BARAARYPEEAALSETE  RCBEEHUETHRELTY -
Ko ZRICMELGRR > ERLHH T HLRLTAEORE - Bt B

REHOTAR— B2 LHR ~ HFBLEfo b LK S o

WR G Z XA » AR E R HF F 44T (BIS, Bank for International Settlements) #9
Gt METHFHERIHEBBAREA MBI TRETHOARHER
AEYOTREA BATHETHIELIRRGEBISHTH > ETHRAE LR

AR BT Y 0 MR T 3 09 JAR B TR BF %) B B o Bk ARAR R AL A R R B o

BEAERABRLBARCBERTHSBEEVNAB LRERERGE - 22
EEHELE BB EFEEITRE EGEAKR TR (Random Walk Model) ©

B 0 FRNIF IR B8 T AR R KB L AR B o AT B 69 A% A TR R

&\ﬁw\»

BRI AT

MEARGRE EHELRIRRRI FRATEARAE TR HR
AR JE R 7S 2 AR e B AR AT 88 # ¥ (Convolutional NeuralNetworks, CNN) /£ %
%R @ ~ B IR AY & ¥ % (Recurrent Neural Network, RNN) e & A 8 2 & 7
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(Self-Attention) #%#] & T 3 5 89 Transformer 2 7! /£ 35 5 #1351 3 & 9k 5F B R+
5 R IEAARIGE R R o FF 5 LR BAT RARAEAR G o FAAY A AR A RE 4 A A
FB Ay B AR B o AR Ry TAR R o

WA AN ISR E S B TR A RS R AR AT
Hée  FEEXUHLERN LMo 0TRRA L REGHATET 617
809 B B 2 AR A BRI B PR R AT I SR AR A > B A IR R TR R AT B ARAT 8
BR o mARRAEE—FRT > 5N A BB B TH > KRR EBR

RBEBRA EZEN B ISR EBER > ARRMFMBAREREANRZHET » R

2 2k
1% Ae

/»

FRAFE R RIFHER -

1.2 FERMH

AARAFBMEES c F—FAGR > ANARHERARME - H=F 5K
W NBRAARGER c FEFR TR ENBAAREAGTEEY - 5
OFERFETERER > BFRTEF L QSHRATHOIA ~ TH KdofT
2E o AR RF EGM A > BARBROE RSP RRETTELEROE - &

% BAEWKEARATFRIETER -

1.3 #rR AL
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Figure 1.1: #t AL E
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H-_F B9

B 90 FRAR > SFZARAAMAER T ERBRATRMNES L AT HEEE

FA8 BB 58 SRR

2.1 &R A8 B TR

Meese and Rogoff (1983) 1 /] 1976 £ 1981 F £ u# %4 ~ AR B HE £ »
R T E AL A I E R > 3 REREEA 4T 09 A (Out-of-sample)
FTARIAE I 69 AR AL » BpAR Ak Rl 69 ¥ B 68 R AR AR & 369 T JL4A o Alexander and
Thomas ITI (1987) 45 & L3l # %2 £ 1985 5 » H & & 1% A 8% & % # (Time-varying
Parameters) 89 4 A& » % R %8 % /2 72 B $L B (Forecasting Horizon) /s 74 vy 5 8§ » 32
Meese and Rogoff (1983) # #8 FF] 4 34 > Wolff (1988) 21|35 8 Alexander and Thomas III
(1987) A 3t F 43R » S HL 4550 £ 0E B /£ AT A T2 R S5 ] A AR ¥ Meese and Rogoff

(1983) — % o

Rogoff and Stavrakeva (2008) #2 5% 7 1% 4% UK & B A B R R RAF 6 AL R
R AR AR IR T R TR E (Forecast Window) T #94% [ M (Robustness) * 33 5
H R T TAEE A5 K89 o Rossi (2013) TR 4T #HE £ 78 8148 B SRR AT HLAHE =
R B BEEI R TUARGHFARE R > 23 L RAPBRAFE -~ ARRE -
XA A B 7 AR E > BRA ALK T EER LFEFGTHREAM o
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s SR TIAAERRE R G RILRTAR

BTG RA TR T LRI RERF A TR R E 26 A -
Alvarez-Diaz (2008) 1% I KNN (K-nearest Neighbour) 89 7 i K A8 B B ~ 3245 L £
LR R LA AR F AT AR B RS F 694 A SD R T AE AR B 25 3L TR 4] © Engle
and Hamilton (1990) 1% 7 % #% 9~ B A8 342 A (Model of Stochastic Segmented Trends)
A £ AUE 65 kB (Long Swing) 3 % » &8 %% 3F 4 # AL (Non-parametric) % &

RAEAERZ IR -

2.2 FAAh g gE gk A4S A e B ST ER

Hornik et al. (1989) 3 BA 48 4y & 48 ¥ 42 %1 (Neural Network, NN) 5% 14 ] i& i1

% (Universal Approximator) * A 4 @ % 5 89 2 % » #H A L5 89 [& B AF & 4
(Neuron) » hAEH M A B UMEZ X HK - METHEL RV RBRI > AGEHER
AERTRE R R ER A RIZAAR S BEBESG IR B~ R
14 AR R LB R B A B £ 589 Transformer 28 235 5 815 1 B &
PR A KRB RILABMEE  WHELE R T8 R 48 B UK B 12 B AL A 69 FLAR B

%
3o

¥ Yilmaz and Arabaci (2021) * F/& 1992 st H R T % — @& A 4 & 49
B TAR| B 69 £ » LR B THAY LI TR B AL A5 A FE MR T AE A o Tenti
(1996) #= Giles et al. (2001) 2| & 4% F {6 3 A% 48 48 & i B ARAF 69 FA B R R, » AR
Kiani and Kastens (2008) % —#A% 38 1% 42 4834 ~ A IZAY L& M B An SR HE AL AN 69 P » 3%
&5 An B Bl AR 99 A V8 B Ah & W 38 R AR A KA A 5 42 U B IR R AP AR IS0 &R

AT AR o

2R B M 5 2 FA B P o PR AT R MR 6§ — R 428138 1E (Long Short-term
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Memory, LSTM) % # &5 7 & 4 4 89 3£ 3% (Sezer et al., 2020; Wu and Gao, 2018) » £
HET RGN BRI RBRF K B3R 694 B K (Gradient Vanishing)
BRI WEF SR T RAF A — LB RAY & B (Qu and Zhao, 2019; Ranjit

et al., 2018; Dodevski et al., 2018) °

2.3 RAEAARB TR

K — R R H G AR RS EA (Hybrid Model) #2 % & 7 % (Ensemble
Method) & X & T8 B & 3, » Lai et al. (2006) 2 F & F Em 7 kF FAEEFFAR 7
mAFE AR B — AR 24789 4 R o Yilmaz and Arabaci (2021) B 3% 184 42 B 37 5 m%,
Ko Fe JER MR 5 0 25 5 ARIMA #» LSTM » et ~ R ~ 3245 A B R2FAR

0 A R A LA o

AL EE 4% Yilmaz and Arabaci (2021) REE E T LA TR ~ k85 E
LR ERGFABAEL  JFE R G FARIF )RR R RER S L PRty
;o — 1AM ARIMA A > fmIERMWIR S BMEA TAFATILERL G B EE D
Bl o LPTUARM B ZZAEA > REEBIRA THBEAR TH > ERHEMNTE
BF7RETRE K f—ERAE I R LSTM #7458 X i 3 A b
RAXEY URATRAEFATHNEEBRGRE LOFRETEHEERAALX

RO T WRARMERATEAF -
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H=F BH

N

a[:\l— ']

ﬁﬁ%’
i

A LARME Yilmaz and Arabaci (2021) #9 7 AR A (B 3.1) o | AF B F 69788
Yo R A JE R R BB 9 0 ik Al ARIMA AR FA RS 6938 5 B9 54
FJR TP R 69 LSTM AR U IR T 69 B /2 & 7 M) AR TR B AT 3L 4 PEAR T 69 7% 2 >

W xR HTFAR] o VAT Ml 2% ARIMA ~ LSTM #= SA o

C, N,

— LSTM 4‘7

TimeSeries ——»  ARIMA H R
Sum Yt

| J

Figure 3.1: B A M7 & H

3.1 HMIHy

3.1.1 ARIMA

B oKD F Y A EE A (Autoregressive Integrated Moving Average model,

ARIMA) FF REE M 70 TR 5k FABEH L2y BOAPHHERY

'8 K &K : Yilmaz and Arabaci (2021)
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-%\
‘mﬂ

(Autoregressive model, AR) ¥4 - F 358 A (Moving Average model, MA) 4 1

Bl > BFF MR ARIMA(p,d,q) » £ X% T

1—Z@U1— szﬂ (3.1)

Ed Loy, 7 REEBERET > Bt ERIFH t Gk o

3.2 FEHMIH

3.2.1 &kEHTIE (LSTM)

& 42 #1732 1& (Long Short-term Memory, LSTM) & 2t # Hochreiter and Schmidhu-
ber (1997) AT4- & » & — A& 45 2k 69 8 3K 4¥ 48 4895 (Recurrent Neural Network, RNN) *
FEARRB R MAERAY B AR IRFE G BRI AP RE—&

PE AT 4 TG H IR E A IR F AR

LSTM #97% 4 7L £ & &1 ={A K] (Gate) FTHE AL > 25| & © 30 A K] (Input Gate)

# 5 W] (Forget Gate) ~ %7 &5 ¥ (Output Gate) °

RARdo B 328TF 0 2hF a0y RN R TATRE ¢t 9 AE T ~ TR
REEAP LI - X UAHPE X R ER G 3
AW R BRBOEIMMANE T by 0, ST B BRG LM EA
+)

iv = o(Wihi—y + Uy + b;)

2B R A% : Yilmaz and Arabaci (2021)
HEF o(z) == o) =S r o ARK MR EELEAR -

8 doi:10.6342/NTU202200714
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Figure 3.2: LSTM T & &

(B sh R o kR AR B SR B F AT 2 T o H % I HHIZEG BT HAPEATF)

[ O'(Wohtfl + ont + bo>

CEER : REAW AT BN ETURE ¢ A L T ILBIRE £ RFLELT)

fi= O'(tht—l + Ufl‘t + bf)

(b K 1)

e = fr ©® o1+ iy © d(Wehy—y + Uery + be)

(P 2703 )

he = 0; © ¢(ct)

A A 2, h, B LSTM 28§ B 85 ¢ 893 A28k > W, U, by, k =i, 0, f BAINER

9 doi:10.6342/NTU202200714
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322 HIEZE (SA)

#£ Transformer R Google Vaswani et al. (2017) 32 A AT » B K753 2 &,
SHROSM ~ BB F - BT IRFEHE 5248 M IRE S 555 SOTA (State
Of The Art) 7 i » il % VAYE B AP & # % F 89 LSTM 4= GRU (Gated Recurrent Unit,
LSTM 89 fifbhe K) B £ > 2 L 88 B 5 7| RAh > LA L T A — BB M B 89 &
R FRETRGOFE > BETATIRREALS A A GPU #E 4L - FbE
A Eg Rk E B NZ o /& Transformer R4 T > Google # & T — 18 % & # %1% M 1
BAY & H 1 B 12 & 7 (Self-Attention, SA) # 4] » Z R4 T 12 KigR Il 4Rk B
F RHASE SOTA B8 Z A, » REK R S o 5 12 5€ BERT $2 GPT-3 8 .

ERA

SAMMASETHEFTHE > THLEBA F T 7 AR kT L8 0F 85698y
ANA SR EZMN > BB FHI R THEME - TEBFLE 432846
4

H W Fe WE R ABSERE > 7T A 4e &8 B M B 09 g AL AR ¢ Ao kT 0 BB AR

Self-attention parallel

A

Can be either input or a hidden layer

Figure 3.3: Self-Attention 7= & El-1

¢, k7 > Fri2 i Softmax HE AR BPTFEMRE o, 0 REEE WY e bME 8 M

T 89 B AL AR oY (value) » A o) A o BHEE ot TR BT AR B b S AR
TE R B2 KEERIALR IR 2021 FIERBH A ©
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Self-attention

— o172 —a1.7,3 — ol 4
@m2=q -k asz=q -k aa=q -k

attention score %12 @13 Q1,4
q* query k2 key K3 K
al a2 @3 at
ql =Wiql k% = Wka? k3 =wkad k* = Wka*

Figure 3.4: Self-Attention 7 & -2

Self-attention

! !

@iy = em(e)/ ), expl(ay)

aa a2 1,3 1,4
1 t t t
Soft-max

| | | |

a1,1 aq,2 4,3 x1,4
ql k1 kz k3 k4—

al a? a® a*

ql =Wial k% = Wka? k3 =wkad k* = Wka*
kl — Wkal

Figure 3.5: Self-Attention 7 & -3

Self-attention Extract information based
on attention scores

vl — anl v2 - anZ 173 — W‘UaS v4- = W‘lla‘l-

Figure 3.6: Self-Attention 7~ & & -4
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ZXEREDE 3
Q = Wia
K =Wkq
V =W"

A" = Softmax(KTQ)

b=VA

EFa=(aa%..),b=(b"1%..) B SA B9 A SLI 3 > W, W, W, B3

RS BRI B dy * dy, dy * dy, dy x d, ©

th 7 {0 B B 25 6 4y T X34 38 48 B R A FLRRATAE S 4R GPU 810
T o Y IR AN IS R He A LIS T RS BV R > A BAE R R BATEE
BRI A ER A RE > T THE R RBREME L INREHE

AT IR o B R Y AR S ) AR -

SSoftmaz() &7 %% —# (column) " softmax % * a; ; = Ee,a;;ji,j ) WATHH o
e
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%@ﬁ —r/g:/; /%\./\“U%

N

~

P
i

41 FHIARTHE

RS

ASUATAE R 69 BAL A 8 Z 1 E 4R (Bloomberg) » 1% Al £ U5t hm L AR ~ 3K
SILEAE R - VBTARA Z AR A M A 1981/01/01 % 2020/12/31 » A% B B A
FRAKES N BARLEEIT LS FREREHREAENMA > B IER
A 10435 FFH - B 41 2B 43 ARBEH mE 44 28 46 B ERE

BAFBBEAUMAZ T B R AE ~ A e TR ~ RBEFBIXERAK -

Table 4.1: 4 &KW

g ST

USDCAD EAA AR R
AUDUSD REXEALEER
GBPUSD RERETER

diff log USDCAD £ TitheLE REERE 1 £5
diff log AUDUSD MR LELEXZRIEE —FZ5
diff log GBPUSD 4%t % ULIE REH K —1F £

IANEHRABERAT—BIZATETHRSVERZ BEYK

13 doi:10.6342/NTU202200714
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Table 4.2: & &4 43t

T34 TRE wAOME O RKME REARE BREAK ADF!

USDCAD 0.8011 0.0993 0.6198 1.0865 0.5507 -0.3562 -1.87
AUDUSD 0.7785 0.1387 0.479 1.189 0.6367 0.2973 -3.05%*
GBPUSD 1.5973 0.2027 1.052 2.427 0.3691 0.4231 -3.92%%*

dift log USDCAD -0.000006 0.004435 -0.032518 0.039808  -0.1047 5.0084  -104.74***

diff log AUDUSD -0.000041 0.007080 -0.105536 0.082766  -0.7152 13.8020  -104.16***

diff log GBPUSD -0.000053 0.006232 -0.083955 0.045885  -0.3288 6.1417 - 98.75%**

' ADF &7 Augmented Dickey-Fuller £ #3878 £ RAR E AR T AT E > L FIEFANRAEZRIE D BIC RT o * ~ ** fo w4+ 53| KT
10% ~ 5% A= 1% # B K E T I L E AHR o

ek —Bras — B & 89 9 %] 7 X (Train - Valid - Test split) & 7:2:1 > &R & &
AHEL 1981/01/01 5% £ 2008/12/31 %49 7000 £ F AT (#9 70% 484% A ) #HAE R 5 &
BATINER » BRE 4 AHIL 2009/01/01 £ 2016/12/31 #2000 £ A A (% 20% 484 A
) A 5 H (Hyper-parameter) » #]3X & FAHH 2017/01/01 E 2020/12/31 #1000
FHEH (89 10% AR BATEA M ILE o BT RV R —8 MK %k
TAFA FRBOR B B ADARE e A B o ATHAR A B B R BCE A By X R

Yilmaz and Arabaci (2021) #8 F]

42 HFRF %

A Ao e R TR RIAR A 89 RAE ~ B S B8 kT ~ AL E (Optimizer) ~ 48
% %3 (Loss Function) Z A bk A A 69 B3 o o b > (RBEHEBRY & ATat »
B8 TR R o B SR L JR SR R AEBR 4 0 2 4Rl ARIMA # 2 = LSTM A

SA » %k ARIMA & Beidl &4t » Bk LSTM & SA #hiEF| R 5% £ o

14 doi:10.6342/NTU202200714
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10 -

T T T T T T T i ; |
1984 1988 1992 199& 2000 2004 2008 2012 2016 2020
Figure 4.1: %70 AeUIE %

I I I I I I ! I I I
1984 1988 1992 1996 2000 2004 2008 2012 2016 2020

Figure 4.2: 2 ¥t £ UIE £
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10 -

T T T T T T T i ; |
1984 1988 1992 199¢ 2000 2004 2008 2012 2016 2020
Figure 4.3: &4 X £ LR %

004 +

0.03 A

002 A

001

000

—0.01 -

—0.02 1

—0.03

I I ! I I I I I I I
1984 1988 1992 1996 2000 2004 2008 2012 2016 2020

Figure 4.4: £ UL mUIE R EEZ — 1 £
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0075 1

0050 4

0.025 A

0000

=0.025 A

—0.050 -

—0.075 1

=0.100 A

I I I I I I I I I I
1984 1988 1992 1996 2000 2004 2008 2012 2016 2020

Figure 4.5: B L 2 UIE FRAHE —% 25

004

0.02

000

-0.02

~0.04

—0.06 -

—0.08 -

I I I I I I I I I I
1984 1988 1992 1996 2000 2004 2008 2012 2016 2020

Figure 4.6: %45 4 2 LR FRAHZ — £ 5
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ARIMA #8938 5> K& 5 5 LR B E (Rolling Window) $2 i i 4,
% (Recursive Window) 7 & & K B il 69 A & B (B 4.7) 0 &L B K AR A
(Bayesian Information Criterion, BIC) 2K & & & i 89 2 8 (p, d, q) » HASLFARIEA
BRMAR )RR RE BBAF  RYREABRERETEN R L —FTAMA
B > ARG A IR ETH RIS RATARME » (2 £ R F = F AR
BORLE GG F —ZIREAERAF —ZREBETH > RBEIRFI LS

—FEREEAHEATINRETHSH  BRPHZETABEN > RHAT THR

T

SRS AT~ S FRBE LT RBERTA A~ =

BEREATHEEIFINRETHESH » FOFERRFGRAMNERMRIIAR -
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Rolling window

Training Validation Testing

o
<

Recursive window

v

Training Validation Testing

<
<
« >
<

B
=1
o
=

Figure 4.7: R 325 E 4%

7 LSTM % SA #4939 » & Al it ARIMA AR 72 % » KPR 2B E— ]
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RERABLE - 2HE TR L E M AT 7] & E (Length of Input Sequence) ~ & AX
X 3 (Number of Epochs) ~ [& #, /& # (Number of Hidden Layers) ~ [& # /& 4P & 7T &
(Number of Cells or Hidden Sizes) ###t & (Batch Size) ; % B2 5 # 0§ 7 X & #4548

% (Grid Search) * B4 F B AR 4324 13

Table 4.3: A2 5 AL L B

A 7| & B (Length of Input Sequence) : 5
1% AR 3 (Number of Epochs) : 5, 10, 15, 20, 25, 30.
['%. 7% /& ¥ (Number of Hidden Layers) : 1,2,3,4.

%78 & 7 %2 7L 8 (Number of Cells or Hidden Sizes) : 25, 50, 100, 200, 400, 800, 1600.
#F (Batch Size) : 16, 32, 64, 128, 256.

, 10, 20, 60.
10

IR BF AR 8 R AL B A0 AR K R BRI AR A SU Rk b At 4 6R R R H AR R 89

Adam kLB F2 3 77 3% £ (Mean Squared Error, MSE) e MSE #t AR 4= T : 4

N

1 X
MSE = N tz:;(Gt - €t)2
A g £ B 77 @ 0 4% Yilmaz and Arabaci (2021) » &AM & T A% A 35 7 AR R
# (Root Mean Squared Error, RMSE) ~ “F39 & # 3% £ (Mean Absolute Error, MAE) %
7 ) & 5 . (Direction Accuracy, DA) 1 & &2 A pb g i 4% A 69 £ A o 3+ A X 53]

S0 SN

N
1 .
RMSE = || + ;(yt — G2

N
1 Z N
MAE:Nt:1 ‘yt—yt‘

25 Vaswani et al. (2017) R¥HLEAE > d, =dy = d, + B T 7 H R LSTM £ SA > d, # ¥
[E R A 4 UH o

3 £ % %% Dautel et al. (2020) °

AP N BB ERREERARK e, Ao 6, 25 B ARIMA B A T R TA B3R £ AR S H TA8)
1 o

SEP N BRRERAR g, A g PHETHRESEHEARSENFARE 5 [[2] B
# (Indicator function) * B I[z] = 14%R 2 >0 RX [[z]=0-

L
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1 N
= 5725: - > 0] - 100

R

e
)
P
o

ARIFA — AR EARIE ~ AN RIS AL 5 B b A
B3 0 RIMIGELEREENA L 44 -

Table 4.4: &SR [E RFARE R

ARIMA-LSTM  ARIMA-SA RW

BEAE
Je 7L
MAE 0.003217 0.003229 0.003217
RMSE 0.004367 0.004372 0.004365
DA 49.62 48.28 50.0
Pl
MAE 0.004206 0.004192 0.004163
RMSE 0.005716 0.005677 0.005656
DA 50.67 47.80 50.0
MAE 0.004224 0.004226 0.004203
RMSE 0.005707 0.005711 0.005688
DA 48.28 48.28 50.0
RAE
Je 7L
MAE 0.003217 0.003229 0.003217
RMSE 0.004367 0.004372 0.004365
DA 49.43 48.28 50.0
Pt
MAE 0.004264 0.004190 0.004163
RMSE 0.005780 0.005676 0.005656
DA 50.67 47.80 50.0
MAE 0.004222 0.004223 0.004203
RMSE 0.005705 0.005709 0.005688
DA 48.28 48.56 50.0
LR F AT R ARA

KATTAE B > A B EZE A 89 ARIMA-SA £ R 6 % 88 78 8] 48 ) &

ARIMA-LSTM R RAF £ » T A RBEFARFIY FRRZ B FHLBHRE B

A R EALE T TR %45 89 7 ey A L R = 5h o

AENER B AEE) M LD ERBARS

él] H# Fﬂ 5‘]{?‘:%}%—1:- &/\

AR E

HALE W3

Fo g 2 Q| AR AT AT 2] 9
69 R R TR B RFE T R IEA

AR ERAEEEAR ARG T

% o #£ % > I Fl#* Yilmaz and Arabaci (2021) AT# 69 &R » EAF A BAH#A B F

TS ST F RS EX S ST S8 T
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ERBRARI RS AEBRRTRAYY > BRATABERAMNF @ > T LA

REMTIERA B ZEHH > TR E TR IITHERZ TR -

Table 4.5: &R 2% % 9 H7

Ha G, P E¥22
Random Walk 5.62 34.75%%% 29 84wk
AR
ARIMA 53.55%%% 1511 8.33
ARIMA-LSTM 6.04 38.62%%% 28 50%**
ARIMA-SA 7.12 34.69%%% 29 10***
REARE
ARIMA 53.56%%* 1511 8.36
ARIMA-LSTM 6.05 36.58%%% 28 6]%**
ARIMA-SA 7.12 34.68%%*  2922%**

R 1B 4B BLE R Ljung-Box 2 AR A3 » BAMEE 129 -
o wn o s SR RRE 10% ~ 5% A9 1% 8 BF KR TR R AR -

HEAHMEBETEY  FHER (ARIMA) 2245 E (ARIMA-LSTM #=
ARIMA-SA) # 2% £ AT Z (Ljung-Box ¥ &) » T WA A B i fr SR 8548 I A MR
TRAUFREBNRET LFR > E— TR MRBREVFRMERETE L 0 e
ETHRB/ABMGR YA APTRE o RZ > ot ARG T ER R L LB
Zo TR AGHEBEARIGRETRAE I w LT RABNEMHIT LM
AF PG FA AN 4 IEAR 0 APAF B ROIOR o
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X5 ~) 2
HhE

AL EAERTAR > BZBRILEARENTERAZTEI BRI ELH
BMURERETEAAERTAR T @69 RR LR > T2 %5 F Yilmaz and Arabaci
(2021) » #F B F 09 TR R HF o s Ao JERERAE SR 2 0 e A ¥ 5 T3 8
CERAF A EZENRBP AN EAI W ARLRE ~ ZGHAELEFIRHERE
ArFaE] o A LA A S Yilmaz and Arabaci (2021) #F % F 89 ARIMA-LSTM #2 % &

G #6084 A A 4T PR o

51 &=

ﬂ\\\

R THEAEEZ > KRMAHHTHRBENE KE BRI 3t 3] 59 R —
BRE-BRAE AIRARFRELEGAFFAGRBE L RGERGORY S HRLE
Mo BASLINRAREA > REMEEABKE KRBT AAAZEA LB
ARIMA-SA A 6978 8] 4% 77 35 ARIMA-LSTM B A FAF £ » A28 WM EE R
TA R 7 @ A AR T A RED AR B IR R c R s REESHTRAE
RRIBRTGG R ETE S > ANBEBE AR R RZE T 09 F R o 3k
b » R Fl 7 Yilmaz and Arabaci (2021) F7#8 7= 69 & 3% » ARIMA-LSTM 42 A 89 78 3]

T % AT E TR o 82| A# % Yilmaz and Arabaci (2021) F74% A &4+
BRGEZE  BITRATFTRARBEENREZEAAAERRLS o
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5.2 HrRE&

P Rt RIBA ERT AR T o F— > TRAZEAETRALRE
AAROBL B FHETHRSIAAREIN REORLHE - F = MERES
BHAM B HIEER » RRTHREBAE SAFHROACEBERN RS -
= A T 748 4# Yilmaz and Arabaci (2021) P38 » RAVE A2 A 1R T 8 S BE 48 8

BUAS FH > o MEF R S B EAFEIAZ - HEHHOI AP ESE 2N

-

NG EH > WA TRFINBMENER c LKA » 5 & RFEOALSH
REFOBREURE > URMANE S EH O RERRARTROT A F @ o
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