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A<

5% A= ¢Sk shG o] E(training data) 343, g5¥ ¥
- get training_data

- - train_network
- 317" (Recurrent Neural Network)®] 2591 -

- train_gru network
®53 LSTM(Long-Short Term Memory) %! GRU(Gated Recurrent Unit)

get new_instance

make_prediction
- LSTM % GRU A17%e] A4 % d7A(i.e., hyperparameter

tuning)= 93l Zull7IH < (hyperparameters) &Myl grid

- get optimal_hyperparam

search <~




<J9 1> 95 28 =2

= 4. A K + open API
2E 1 WOF'T= . HAE U AT TH
. . A=K K
=i ==
=2 Dynamic Factor Model . =ME UMS 3 ZEQO| JjA HA

}

_ . ey B P
2= 3 Deep Lingnr\lnngGglgorlthm- «  Grid search for hyperparameters

Gl=X

(3) 2E 2: Z=X|(missing value) F3

(3—1): Ragged—Edge A

& o+57](mixed frequency) AF2E ©]83H @] GDP o5l oA 7 WA OlF% &=
77 HlolEAe] A A (missing value)ol] thdh x|

o RIZF 2HAE SR 22 7] AR A5 28 Aurt EAskA ¢kor, €4

A29) Aol Ak W ARl slold Aolt £

- 7H8, AR 7k A AbR(ell: LHARIEAI) 9] - A Vo R U ARt
§lo] A5 ZFeshA, el A AR 298] B5
W, AE AR 2] A 3 ARPE 270 RA, T S ARl AF TS

& ARE AREEY 9, B ol d P2F 71

- 7] AR FUWSAAE S7HES), 2HISTRE 3 o] SRIAAel g W

B WHHLBS 5 19 AAYIES S FIAE ol wEeL 98 SRAL AY 2] FE
FUNL F AL 219 el wEAT 98 AAEE SuAsk 3R doleol e tg [l
Fsatd gl B QAL B8 B3R Azl S Az UE ARE nelstel Bk dol

(vintage dataset)E T4



o wEA 54 o5 ARl @] SEE FFel AR ¢ Sl ARe okl <T1d

A T3 oAM= ©]F Ragged-Edge A2t A%

rJ

<71% 2> Ragged-Edge A oA

GDP CONSUMPTION PINVEST CINVEST EXPORT PROD PRODMAN PRODSER PRODMIN MAFSHIP ... IMP BSI_SALES
DATE

2 o5 06 0.6 53 40 1000 108.0 108.4 788 1037 .. 387414730 76.0
WL e NaN NaN NaN NaN  109.0 106.9 108.7 80.3 1029 . 41396517.0 77.0
2013 NaN NaN NaN NaN NaN  109.4 1075 1095 840 100.9 .. 407292150 80.0
2013 NeN NaN NaN NaN NaN  NaN NaN NaN NaN NaN . 43687430.0 81.0
202[?1' NaN NaN NaN NaN NaN  NaN NaN NaN NaN NaN NaN 79.0

020209 1€ 2 75 #= 715 dlolH(vintage data). AW AeFoz <lg] A AEE 20199 9L7HA W EA] o B
714»4 A9 Fg Br)we] Yol %Al GDP, CONSUMPTION, PINVEST EXPORTYE 27] Aol o]9e] Wi U
Z}59). NaN

rlo
Y,
[
1
v
Au)
i)

O W72 (bridge equation) B> o]dl wAlE 3dst7] S A W o R I}
Aol @o] &&EE. TE F B3 stollA= 7] W(quarterly variable)7} 55
ol ¥xgrl SHHsE A S (e.g., Trehan, 1989; Parigi and Schlitzer, 1995;.
Parigi and Colinelli, 2007; Runster and Sedillot, 2003, Kitchen and Monaco, 2003;
Diron, 2008)

- T7\(frequency) €AE 18l LEARE FVHEE T Htsto] oS5 &8

- 7F) 24 A8o| ASA7 AT A NE Aso] st &9 23 (auxiliary
]

model)& HFFOE ASAE FHs0] 7] AR A8 F SEY &&



- AL ol d AL 9l AR FEAE o] gt Wl FR &4
WAl Vsl o)Ak (outlier)ol] 28] € xpmo] Hyx|o] & ofj5ro] ot &

No] ASEFH Hre] FHAA IS vH T U=
o 3571 RS F7] dAE st HHAE B3 U] ARE] Hdko] Qs

o}i= MIDAS(Mixed Data Sampling) 7% A9+

- AHIE(low frequency) AF=.2] WSS Ao glof ofg] 2] (1) o] IRIE
(high frequency) A}5.°ll distributed lag polynomial= %|-8-3}0] &4 o A}

]

yt — ﬁo +ﬁ1 (Ll/m 9) m eim)

B(LY™0) = ZB(k;Q)L’“/m
k=0

AR & (Dynamic Factor Model)ell 7]5+st

O <l Nowcasting A FEIQ
g5s Tl 28F7] Al A5H] ZAE @l

E-M(Expectation-Maximization) Il
Aol = Howyol &dsAl HdEar 3 (eg, Stock and Watson, 2002;

Schumacher and Breitung, 2008; Mariano and Murasawa, 2003; Angelini et al., 2008,
Banbura and Modugno, 2010 Mitchell et al., 2005; Proietti, 2008; Banbura et al. 2010)

w2

1__

=9 A% g5 X (joint probability distribution)E

71
7}
13 EM ¢aEls ¥ 54291 ¥ ¥(Dynamic Factor Model)e &3l A5%] 74

(3-2): EM €¢xg&

OXL

_ Pe _ B~
—1% Eﬂ"l‘ﬂ ﬁ%‘ﬂfi

O EM &arg]Folst Hlojg o] A5 TAI7F A4S o 3



o} #HE B (parameters) S 74 7FsAl & EM 21 ES o] $t AZX]9] £A

Btk olugl, ol xHE IS E7}53 latent HFS FAE JsA §

S Awe] woak £ A9 g W 7= (X, Y) udskat xeF Bdg zav 9
= 515 Byz= ol A (2)9}F o] Folxvta 7Fdshd,

- (STEP 1): E-STEPo|etal dA A= A WA GAlellA= &5 7Fsst vloly X$}

ojFl @AG-1)°] & (e(j_l))’eé HIE O 2 958 (likelihood function)®] 7]ThA]

g 74, FA%CE,

J0;09" )= El1(6; X, Y) | X,0Y V]

El(
/Z(G;Xy)p(y | X,6Y )y

- (STEP 2): M-STEPo|e}al Ao A= F WA 2 A A Agjo F4% 7]

 Fedrs SHEIE BeE B S,

09 = arg max J(6;69" ")



a7

=

Sk

RIS

E
=

o 97]-

SH) 2912 ¥ (Dynamic Factor Model)

(3-3):

o

71 $1aiA o

| EM &18]&5s 4835

g2 9

A %7

a5

O

-

-

;e

(Principal Component

UER= factor loading 3ZHelH, )

Sk
=

o
.

)
=S

(0, 022)

7Hgel

i

0]
.

A fi-q "‘"'_'_Apft—p_'_ Uy

u, ~ i.i.d. N(0, Q)
Qi€ T €y

=

ajt:Aft—'_et

€1 ~ 1.7.d.

5} DFM)
fi
€t

¥} (stochastic process)©ll Tl
Factor Model. ©]

Analysis)e &3l 2%



A

e

N

e _
= 492 2

o] op =, 9% A4 s

Kaiser (1960) 719, A
T-o A= Kaiser (1960)2 A}

.

- [F5 118 BEeAE R
2w ARl e "B glorg, A Wi [ 112 Fx
O EM ¢uEl5s Eaf cSel AR ] dEabdat duEel gl BeE 5
= WEeE &d Waee] ey

¥ 2189 DFMO] thk

o A (5F ot A (6 T2 AHTIEISSM e E ek = Sl

v, =pu+ Z(0)s
t <9)3t—1 + 1,

}715k SSMoflA] AEHS WE|(state variable vector)
oA 9 (2 okl 4¢ p = 12 A4E ek

idiosyncratic shock ©.% ©]5-

St — (f/t’ S TZER Ent),

o

JAEFH O e ettRgolM el FAAR 2= A (7), A 8)3 B
/9] dlfrgk(eigenvalue)©] 1 o3l FAE 2

_|>_«‘
o
i)
=2
2
bt
\
i,
N
N

71101
Zbel] ZE9E 4B ") (Kalman Filtering) &3l

E-STEP #7d9] 7o) =g A



(Measurement Equation)

(Transition Equation)

- Y BeEe v R ARAd EAlske A5A Ug 4 Tk

- oFf <TI1¥ 3> 9 e Tl ASAE FHH A5 Y9 Sl 282

HoTE| Aol g AN 5 BoAF

<19 3> ASAE AR AEe] 24 AR A

GDP CONSUMPTION PINVEST CINVEST EXPORT PROD PRODMAN PRODSER PRODMIN MAFSHIP .. IMP BSI_SALES
DATE
201099- 0.500000 0.600000 0.600000 -2.300000 4.000000 -0.003663 0.013048 -0.011921 -0.092075 -0.001927 .. -0.091587 76.0
20119‘; 0.827655 0.641431 1.091518 0.043155 2.766504 0.000000 -0.010237  0.002764 0.018857 -0.007744 .. 0.066286 77.0
201191- 0.338828 0420444 -0669273 -0.945222 1939587 0.003663 0.005597 0007333 0.045047 -0.019628 ... -0.016251 80.0
201192- 0.632463 0.378089 -0.512424 1596009 0269640 -0.000239 -0003277 -0.000721 -0.014191 0.002320 .. 0.070115 810
202001- 0.574645 0615698 -0.377313 0654843 0963885 0.000703 -0.001929 0001866 0.005544 -0.003664 .. -0.038610 79.0

FAW AFoz A A ArE 20199 9L BA,



(4) ZE 3: LSTM/GRU Z11Z|S& 0|83t

Ok
—_ 1

ok

= Gl

Ik

(4-1): AF3AZT AAD

O Multilayer Perceptron(MLP):= QU&A1E% B8 T 7P AAIAQ1 Fej9] 7|AIgks %
HEY

O MLP%} 2 Q15417 " Artificial Neural Network; ANN)

1
Bof mla] W 7he] B s vAE o & Fobd 5 9l

O MLPE 7]EA0

T —

2 ol <19 4>9} o] ¥ T(input layer), == Z(output layer),
243 (hidden layer)®] T-Z= o]FoA] Q)

S
U=

<71%¥ 4> Multilayer Perceptron -3

hidden layers

output layer

input layer

O AHAFS 5ol AgHIA e D A9 WSS BEAE 9 GO M
2% P =E(node) DT FHZ A

11) AFAEE 9 =3l g st ZAg A [F5 3: Aol gt ofsl] L
12) ¥ (neuron) o2 Z|7|% &



o Y =0l 2HYTY 78 =T(node)E HAEEA] 7hsAE FojubA ww, lg gk
=9 7t e P43} d(activation function)®l o3&l =8 #o= H3kd

A &%) =(node) NF7F 470t SohE, B AR Sy S04 9

VY G5 715 B O o] 39E 5 A (% wE
WA <)

= giA =20t g
0e @tell Folshks 7A)

d d d d
z = (217 Z9y 23 Z4) - (ngl)xw Ew?)xi, sz('?))xi’ Ew§4)$i)
i=1 i=1 i=1 i=1

......................... (9)
o meb A WAl SYFAN FEakyh) e B B S Folany ofst
@ol Ak 5 U

....................... (10)
0 A WA Y5 (hidden layer)ollX] EF¥ £9 2> ot &% (hidden layer) %2
A8 Fl(input) &S s HH, U4}

A3k Ao R TR E Houton A%
Y EA Arol|x Al(feedforward) .= 7

MLP+= 855 H|o]El(training data)E &3l 2t ot A6k Rl Hojdhe 7154

=

zroh 7= Ipolm | 4% © 2 = Backpropagation Through Time (BPTT) &ile]
S13& F3l ¥ v F4

O MLP+= E4 A&

2
|\
=2
%
o
x
o
i
Ty
d

RYe FgshL o

A A Y (time series) ARl A3k

A o AAR Az el

=

13) BPTT &ag]Fell #st 2kAIsh W8> Hecht-Nielsen (1992) 3=
14) oS50l AHgE Ao 7 Urha sheeke 2o 34 2 ofelwol TAleHA .



(4-2): <3239 (Recurrent Neural Network)

QMLP7F 7P 3 gl A o3 Swlele] opde nekshs o

Zlo] %173 W(Recurrent Neural Network; RNN)%

i)
N
1o
B
]
Y
o

O RNNE| A 7]3AQ 3= MLPSE Ak, 7 & Afolde o]d Al
3l =& fMy,_1)°] = timestepoll A THE A
7 kel F7HAQ1 U= Zhinput) 0= THA] EEEveE AY

(timestep) 4] A7

of

oF,
E
Hr
Ry
©

<19 5> 3Fal7dW(Recurrent Neural Network) -3

Rolled RNN Unrolled RNN

Output layer Yt

YO Yl Y2
Hidden layers — 6 d d
Input layer @ @

Time

Z2]: IBM
0 o14 timestepel 1] F ghol A timestepl el U2 el AL ) W] F
71Hel 7k steelel( )7k A 3t Al ARg

Y — ¢( Wx, + V%yt—l +0)



O RNN<

o]A 2 BE timestep?} AP FHo| thdt 71 (memory)= il 9
H(state variable; h)E & =

qe o S, olF 71 AM E(memory cell)2t <7 g

o Z]9AMEZE= o)A timestep®] 719 A (memory cell)2F FA timestep] HE #h(z,)el

el A== =

0 714 Elman (190)9] % Aol 2] 7k Aolo] WAE olelel 2o] w3

hy = o, (W, + Uy, +by)
Y, = ay(%ht+by)

o, W, VV;/, U,= 98 Aol tist 7}, b bias term, o= 43} 3

O RNN #h 717Ee] Hlo|8 9] & (regularity) = E&sh=t] &&4]o]A |5k 21 7|3t

xe] e gohf7ledls dAZF U= timestepo] X13E wieiet H IpA AR <]

AR tigh AL A ARFAA # (ie., short memory)

(4-3): LSTM (Long—Short Term Memory) &

al
O RNNo] 7HA 2 Q= ©7] 7] (short memory) TS =538F1, B2 F4¢ QlojA

a8ds FUAzIZ] f8 dijke® AAJ” Zlo] Long Short-Term Memory (LSTM)

o
=

515 (Hochreiter, 1997)

= g AeHFhy) St 371 719

O LSTMY] cell memory= 7] 7]<(short memory)

(long memory)& 18 AHNT(c) = oA Sl

O LSTMY] cell> 5 2438k= 47F4] S(layer)© =2 T-+9: main layer, forget gate,

input gate, output gate

15) LSTMell th&t zbAlsh U8 [F-5 3] =



main layer: @A timestepollX T J& Fh(x,) ¥ oA timestepelAl A JE

4] AEAS(h,_)RFE 23S AEE Ue 9

forget gate: §7] AEHo

”

$Hel AR ANEE AAsks T

input gate: main layerelA AAE ¥ e A7) ezl duirks wHdEA|

g A% 97

output gate: J7] AEHT HA timestepl] &8 oA o= AE HRE 3

o AR 9

<1% 6> LSTM 7%

output
& recurrent

(4 recurrent (

block output & s Legend
'l "O
LSTM block b 4 unweighted connection
weighted connection
peepholes connection with time-lag

input

branching point
mutliplication
sum over all inputs

gate activation function
(always sigmoid)

input activation function
(usually tanh)

output activation function
(usually tanh)

Hooeil| |

input

input

inpi_;l ‘r;;umut
1% #*: Nvidia Developer
O LSTM R ¢agl&e 7|42 72+ a3 25



=o( W, + Wiy + bi)
fi=ol W, + Wiy + bf)
0y = o W+ Wihy—y + bo)
g, = tanh (W, x,+ W, h,_, + b))
= fi0¢ 4,00,
y, = h, = 0,®Otanh(c,)

@ (O element-wise multiplication operator, W= 7Fa-*] &4, o+ sigmoid function,

b= 7} S(layer)'H bias term.

I =2H, 4 3K overfitting)!16) #=]7} Heug s}
Foj 2] o % ofel-¢-m, o] whet A gho] W

O LSTM w77} wola &k &7
7] 4<%, %38t Dropout!n-g &3] A
stA Wak= wilo] EAE

(4—4): GRU (Gated Recurrent Unit) €3118]< (Cho et al., 2014)
(4—4-1) 7]1& A 2d3e] zjo]H

<77% 7> RNN, LSTM, GRU T-% H]1

Yy Y Y

- alm P p—
( ‘ (%) |Cu)
N DANIN 1 QTN s lel=1l! N
hen INRIN ho Lo livi heery AN heo
| v ) _ . N1y hw ‘ ) L |
T T

X X Xwm

O GRU= Al°|EZF 71 RNN EEojeh= HoflA LSTMY FUaHARE LSTME] 85 A
Zro] 28 dyivks S v AeE Eole A sdl Bes B9 LSTM Hrt
TE7F A e r e vRe] AS 27l ARgSh= LSTM 2, GRU= 7], &
71 A AEIF FA7 shke] v Amemory cell, f1,)%F AME-

16) #Zgkel gk ApAlsh W82 < 1> Fx
17) Dropout ¥4 WA 6= 14l SKregularization) 2] sFuF=A], FFA|Skel] st zpAISH W82 <3ar 3> Fx.



<& 1: 2P&8t (Overfitting)>

o Bt Ho[E{(training data)oll XI55101 XMalel Ashz DHo| HEAO| HHopx|
=]

E2 M=Z2 Hl|o[E{of et 2FHo[ Kot

o LB 2RI, SiEo| ARSIl ok
xg x|
- Z2 s Ho[E{7} ALY opiEATL BT Rtk EXE 4 s 2ue
npxE 2R} waE JisMo| 52
= ihetD 2tn Sk,

o <Ol 89| S| Jef=7t 71& MelstH skaEl of

=9 JefZ= s HOEZ XSet o= &=, sk H|0[H(training

data)ofl it o= Fet== ofF =X|2h M= AIHH|0|E(test data)oi| CHEE

[ e ]

0i5240] W JHsHo| e =3

Iy
ot

== Jefzet 20| F0{Zl H|o[E Q] miEof| Cis the MYEE oSErE
AYSICIH 815 H|0[E{2 Al& C|o|E{of| st oS HEtMo| BF WE 7ts4
0| =11, 0|F 4% XM eHunderfitting)o|2t X[ &g

<19 8 HAA 3N underfitting) 2} 24 overfitting)




<1 2 J|AEkS0lAML] HiolE 2>

O 7|Agk&(machine learning) DI™OME ks DEQ| sksnt MsS HItsh|
2lsl 0%l CIO[E{E o8] F& Aeie= 25t sk5 & A30 &=, ofzf
M

<2l 9> Zto| 3A| 3719 5+¢| H|o]E

o & Ci|O|E] (training data) : & G|0|E{E 2Eof F¢l5}0] 3—.%% ZIgyst
E
==

:| EI-IO[ 7'.3;(' O-IE.HOI

L 11—

Sl =X
A

SHo[El= A5 R Al Hlo[Ef Atole] nilgts 7IXIX| =

o A3 Ol|o|E] (validation data) : k5 HIO[E{2 ARBE|X|= 24X[2h ks iy
off Y5 2tofsto] SHEH|O(EE staEl Rl 452 ASSH7| /I8 Hlo[E.
MEZ CIE Xof7iti(hyperparameten) S 717l 22 oM J1& Ms0| =

2 REs dgsh| fe =45

|0 FI

o A& CIO|E (test data) : S5 It&of ZHo{sHA| o RHO| 2|& ¥ &
7t. 45 HIO[HE HAY MEEl 20| 258 2= XAESH HEQIX| THA| &
B HAESHE 20| SXMY. M=2 EiIOIE1 F AMEstHL FIIE[E o,
SHo=z OSsh= REE Y| 2l6 842

O[] 2& HIE2 St&dS Al = 6:2:20] A}% . H|FSHAIH
£ witM, AE Hlo[El= 2oUAL Al HIo[El=

—=

<T1¥ 9> S5, Mg, AT HIolE &Y

ALL DATA
|

TRAIN TEST

TRAIN VAL TEST




<ED 3

TM|EKregularization>

(1) =gt 2

0 8t cofEfol] XILE|A Hesii| =|ot Al HlolEo] CheiM K2 ofE 52 Holw, ofEes

Lol S ol chsk 7KSAlweight) &, 71271 2t0| 7. sigy DIEA| 8t Hlo[E{e] A Zint

0% Zrol Xjo|2l &4 Bl Zto| HASHED} OfLI2t, Bt tESH TR{sHo} B XEtE M|

SI5H siERE0| Zxfsts i2iolEfof EHé YUZo| Holg Fufsts S THERin YHS THE
XE5h &AESE ofgf (A) 149t Zo| S

Min(RSS(W)+a | W1 ,)
....................... (14)
0 ai T Ao Sl Hlo|E{o] TS Het FEof aaslhol 7|27| el 37| Hojgt

MoZ EHEOZ i

o THAIZt g

=LA
Alsk

Wi,

L 2 A

of SYstHL

a%t a X || W »

WE = 2k=0{of

= J1=X| #lE{9| p-normO|T4, 0| Zt0| HESFE of

=

JI

st 2o =& 7tsMo| HA. pe L1}
L
b

| W 1P

> 1w

1=1

I Wi, =

s, a2t a |l Wl =0 s

00il ZM7k2 %k

Hiz=sh Min (RSS(W))7t . 5|
2 coof 7R ZH0| EE2 FASIEl SAELE
8l = 72710 Zlo| RLRIA HXIX| LY== N

L of w2t HolE

A

— -

O === RSSEH 7|

THIE 3 AEHsHH, A Al

=MSH| fIsHIM= 7|27

Sk
= =]

|0




() L, TH((Ridge)et L, Tt*l(Lasso), L, L, TiX(Elastic Net)

0 L, THl= 718719] #4e] JE=E 2007| 2l a 2hi= o7iE

=

o

s W ol selE

Hofsi= WAL L, Al oh Al (162l (| 711 ,)? sto= Hol=in 754| syzol Aol
st ez, 1,9 Jlgrl= 2 W
Min(RSS(W) +a (| W1 ,)?)
....................... (16)
O al= o opfHsE TH ZEE 2N, o 20| Wat o= AS0| DIz HISsk=
o, &S o ZtS Alsxoz EfAls|of 5122 AjZF H|R0| ICk= B Zxf o

WS UF IA HFsiH 1IZL0] 0ol s =l0f eirjm|Elo] Lae o+ lon, o
o Zt0] LT 2 H¥siH 2uuld JiMol| oist et=r| o|ofgt

a A EESH A AIE A &St B JIMSIC=E B2
3o gol (I W ,)%0| ok Hchgrel &t || W ol2k=
Jl= Sign( W) 0= Ytz =2 19feature| 7|87|= 1,
oz A5 HEE MENSH= YA

Min(RSS(W)+a | W )

O Ly Mot Ly wiulofl et F=8 ot gzt Ly=

CHzto] 2 === 22

=~

Ef= 00| ofl gto| == &1t

#0, L= tickee| 71871= 00| =X|2 =

L, 7Hiet SYsixiat |
Mol Ci2nf L,o| 72

=2 feature?| 7|27|= 0

718717t dMEHczE H

mi=fo|




o L, L, 7= L, 7t L, 7A

i

Zatet waloz [, FHOIM 2iztst feature MEHS

2A51517| sl L, THMIE F7F 0] A2 feature 7H+E E0|MM 7|87| 37| H(ofsh7|

M=ol =2 Aol ==2(5, A= J=ut B2) HO[Eo| = AtSE

Min(RSS(W) + a, (I W ) +oy | W)

(3) =E0+=(Dropout)

O AT oA eIt 24372 ME A= e =52 tiEE dF &0 w2t
[

B= wiloz BEEe i, of S2inic FAE L=E &S0 mja} faielz MEsD
1

==
LIoX] welof] MsE MEsiH =F0IR HIE2 LEA

[ |

R

(4) =AM | H|(Regularization)

Q =8 MAY L oifoEof chet IS M3l eets Mojsl 2 &

=




L, TtHIE 7|2toZ kernel, EgHbias), £ (activity)oll THHE|E HE=(0] 24 &0 At

fjo

oz

=

| &
Min ]_VZ — (wy +w,z; N2+l Wllp)

kernel regularizer= kernel(Z{2)0l| TH&l| AHl+E FVIsk= Alo=2, HE2 A& JI5A]

Aol CIE EH0|H &4 &=l 7I87| w2l 37| =Fst1 wyoll= &= DIA|

A 22

bias regularizer= bias term= FHISH= Z{22, FXAM o2 2| Moo HECl w,9| Z

= 00f 7RZA| Mofst= HAl

F[F

activity regularizer = Zllayer)2| &3 Tloto] wy + wyx; US EH =FS

Aoz E37t XMIE 00 7HIA st | e SHe= AR

B}
o




<71% 11> GRU 7%
Yo

A

h(m)

o

FORGET GATE UPDATE GATE
tanh

o 0}

T Wr T Wz Wx Wh

X ()

(4-4-2) GRU +&
<T1% 12> GRUY 47} Alo] E(forget gate) T3

Yo
4 I T
h(HJ J/ hm
%)
ro
0]
L Tw
- J
Xw

0 B2 7ol E(forget gate)= IA AR, vRE A h,_,) 2713} vES A
171 213l sigmoid 2733t S5 AR & Alo]EA

.

ARIE. A7 A 7|9HRE Ws
8ol 00l 7S dA AR vl A hyel ol AlRe wiEEh, ) A
A W
ry = o( W2+ W,h_, +b,)
....................... (20)

18) A tsts, Aoz T XH e}
19) A4



<T1% 13> GRUY {H]o|E AlolE

hm. d X (—I—/ \T hm

1-z0

e—  © —>j><>

(0 Zw ﬁm

FORGET GATE | | UPDATE GATE

o o tanh

T Wr T Wz Wi Wh
- J
X(l)

Q H°|E Alo] E(update gate)x= LSTMS] &2} AloJE2}L 1¥ Alo|E7} Agtd dH=,
ACIES 7es A7 2z & Fdll FHL & ACIE A7 & zol weh

(1—2,)Oh,_, & %8 37 7199RE A% 21, 2,0k, B3 A4 A2 A

O h,= A Wz A (hy)ol FFEHET] [ dA dine] Ao groz, g7t Ao
EE St FAPR(S, r,Oh, ) D FAAF Y feature input= ©]-&-sto] ARk b+

HFAor ZHE = AA timestep] WX AZA, o] timestepS] W E2] A} htﬂ
7VeH
R = U( I/V;vzxt + I/I/fvlzhtfl +bz)
h, = tanh (W, + W, (r,®Oh,_,)+b)

hy = (1=2)Oh_; + 20 Et

¥ B A= AAY A7 oS0 E3lEo] 9l LSTM % GRU dud|&S BF 39 283l

GDPA A& o5 Rl %820



v 24 28 9 85215 (training data) %

(1) 24 Xi=

O SRl ARR T2 Aunas AT 71E B AT (eg, 298, 2021 AE
l

$% 0% Jges 98 Aug X3k

O ol ARgE Ao AN Ud2 okl <& 2>9F =

<% 2> ASEFel AHEE AT W
He He 49 LAG DIFF FREQ
PROD A AR (HAHY, S 2 YH L) 2 1 M
PRODMAN A AR (M) 2 1 M
PRODSER ALK (M H|AR) 2 1 M
PRODMIN Sl AR = 2 1 M
MAFSHIP PN Eys b=l DN 2 1 M
MAFINVEN PN ERu DN PN R 2 1 M
INTENSITY NZER7tSEXT 2 0 M
LEADINDEX G710 x| 5= (=gt EX) 2 0 M
COINDEX 47| s¥R| (=2tHESK]) 2 0 M
RETAILSALES 2~ Of O K| 2= 2 1 M
RETAILSALESD A OfEHORX| 5= (LY 2 XH) 2 1 M
RETAILSALESND 2O EOR X 5= (HLH 2 XH) 2 1 M
INVESTIND AH|EXHX| 4= 2 1 M
CONSAMT AE7]d4d (=) 2 0 M

20) ¥ <ol LSTM 4 GRU+i= Tensorflow Core v2.9.1 W& ARg-&to] A g #pASH 42
https://www.tensorflow.org/api docs/python/tf/keras/layers/LSTM

https://www.tensorflow.org/api docs/python/tf/keras/layers/GRU 2.
21) 27] ARE s ¥ (75 118 FE




CPI EIPN =M NE 1 1 M
PPI PN = M N L 1 M
IPI == 7HK|F= L 1 M
EXPI S = PAPNE 1 1 M
CPI_EXAGRI AH[RFE7HK] 5= (SAEAFH Q) L L M
CPI_EXFOODS AH[XFE7HK = (A ESOEHXAL) 1 1 M
EMP_NUM F & Ap= L 1 M
UEMPR HYE 1 0 M
EMPR ngE 1 0 M
ECONPART_RATE dNgsEItE L 0 M
M1END M12HT 2 1 M
M2END M2 2t Xt 2 1 M
LFEND LF 2%k 2 1 M
EXP FETY (SH7F) 1 1 M
IMP YUY (SH7|F) 1 1 M
BSI_SALES 0f= BSI (AA7|E, TLAHE) 0 0 M
BSI_ENV A= BSI (HE7|E, A 0 0 M
BSI_MAF_EX == BSI (M=¢) 0 0 M
BSI_MAF_INTENSITY  7}S& BSI (MZ=¢) 0 0 M
BSI_.MAF_DOMESTIC  Lij==Tto{ BSI (H=¢) 0 0 M
BSI_MAF_ENV A2 BSI (M=) 0 0 M
SENT BHHE X5 (=S X) 0 0 M
5 DIFF = 21 A& o5 FREQ = ¥3X 57]. LAG = ZEA[AF

0 <X 2>9
£ el W

PN
9.

'DIFF,; +

= U%
% 03

o]

DIFF = 1°]"d 21 2 (log difference) 5

o s ME7F AMS-E w] Z}E(difference) 28 o5

= T3
= 73

of AR5

2= Yeh ™, DIFF = 0o 212k Qlo] gabas T2 AR-ESIthe s Qe

0 <} 2>9

=

o)
o1

G WA vepskl £39

- RYE 2% 7l REAAPE Qs AR 7
7VAAAFBS]) BEES F7HR

LAG) 1= 819 AHRe) W ARRE vehd 9 710 #r4a

3 2488 RS 7pe, 8 Az

H

LB

=

o

WAL A 2R AR

= 3L

o] ZHARAE A CSD) 2 7197



— ZHARIEAHCSI 7197871 AR FBSD 2 22 AE]7|ake] s
ul ks A7| wlekel| gt MA| A AHE A|Fs= HoR o
ARzl A2 B 7IdEe] FAREe] Uid B2 AR
= 7]thete] Rl 2§

o
9,
)
2
%S,
B o
!l o gl
[0 b 2L

0 <¥ 22| TFREQ £ T AR BEF/IE ey, ME LAARE ek

0 & AFM= AEZA %(seasonally-adjusted) ARE ARSI o, AEZRAE At
7F EABHA e A9 X-11 SaugEd s w8l AERE S AR

(2) AFUBY U= XI= (fraining data) 7=

0 LSTME 8% £848%e4 71g B8 eaetn & 5 Qe 2 8% 34
oI 54 A BENSE A oA, A o= ARIA Y A ol
o

O o= ¥ Tl timestepoletil A==, timestepl] =717 AW E55 S5

AR el ¥ B2 A ARTA olgste] m@AEYE Shadths oy

O # A7 elM= GDPERES dlid 7] BEs Vo= 7t Aure] 1A 1071€
14 7 2getesE 8k ARE 75 (grid search® 53 Q’ﬁ)

22)

23)

Aol oo Tt MEE oA EAT. 2HANAAFE WA L FF 3755 o
*oMOﬂL UL AR ) Q) ABE H U deblols vl
O



- ﬂgﬂ 20201 ¥ o] SA|Holgta s, A= 7hssh 7Y #HY GDPA
5 8= 20209 187] AL

- 2000 138719 wEel 39S JlEoR MY WsEe B 10184 AR
Gl Sagel QR (inpu) 02 AHS

w718 GDPAAE] adsh= shaAtas fl9k

iy

ZARNN 85 P W
AN

<% 14> 3R 8h5A S (training data) T3

Features
O (T
Timestep: 2020-03 0.5,01,..,0.7
Timestep: 2020-02 0.1,0.8...,0.2 Target-Variable
> Y2020q1
Timestep: 2019-05 0.3,04,..,06

20209 187] ARE ASA0 dsahs AEF(features) S =43} 3 AY

3
So) #%), F48 ABANAY BES wgoR AT Tl Y ghel theshs
AZAT e

0 Z, cEAZ el A el o] Bt B719] §1F wiel et Ans} Be

- ABAFT 2P Sgel Br] DAL AFoE AYHE A 10708 A
ARE ARG i, dlSthgel Bt B B AaAme 9
By AL



— ragged-edge LAIE QI oS5 iy 7] & E7HAE] ASA] ZA7F AT

— T ATelAde cdSel ARE AR AY w@el ASAVE sk B, BE
24 DFM Rd= Saf #7438t th-&A(proxy) 2 AHE-

— 7k, okl <2 159 A% @A AFAo] 20209 sLoleta ARFL
W, S 27190 20204 23] LHER7AAC] AFRS ke DIMO R 45}
o] A= 18 Fk(filled new instance) O = AME-

<19 15> 535 218 Al o= M (new instance) A7 A

New Instance Filled New Instance

Xer?_r---an XllXZJ'--an

Timestep: 2020-06 0.3,0.4..,0.7

Timestep: 2020-06 NaN,NaN ..., NaN ;
abboion.s ¢ Timestep: 2020-05 0.1.08 .. 02

Timestep: 2020-05 0.1 NaN ... 0.2 . ‘
Timestep: 2020-04 ' DEM | Nimestep: 2020-04 o, yg o3
Timestep: 2020-03 0.1,NaN ...,0.3 Timestep: 2020-03

s S Timestep: 2020-02  0.1,0.8...,0.2
Timestep: 2020-02 0.1,08..,0.2
Timestep: 2019-08 03,0.4, ..., 06 Timestep: 2013-08. 03040

F oA "ol 2020 5ELE FFAE AgollA A9

(4) ﬂ.aupa%r _—I_lx A-|76|

0 ASAEEl 22 71785 (machine learning) 21l2]FollA o} mR7IA| =
q

A 7te] 28] AR s|oioF sH= Zull 74 (hyperparameters) A

o
gur
2
-
=2
R
o
o
r (
>
[4 U
[

Ae] e a2

24 Z(hidden layer) 715
- 24 2495 W it 75
A7 2 IEuE HUo]EE ¢Jgt h5E(learning rate)



— &3} &< (activation function)
— 7fAISKregularization) T Ful|7HS: =5tol3(dropout) H]E24)

O ot Zw7HHGE] FZtollA grid searchE Sl A ME 7]17H2001/01~2020/12)=
o=z st A5 tlo|E|(validation data)25)e4] RMSE(Root-Mean-Squared-Error) S ]

A3 2T E AW (<3 3>, <3E 4 D)

S
-zt 9% W wit /B ¥k U= 1{5,6, ---,100}
7+ L=1{0.1,0.01, 0.001, 0.0001 }
— 43} 3¢ 31k F={ReLU, tanh, sigmoid }
— EFolk(dropout) H& 7+ : D=1{0.0,0.1,...,0.4}

<¥ 3> GRU &3 _z_uﬂ7ﬂlﬁiﬁ(hyperparameters) A7k

ETHERS: A
2438 = 2
R @M 2495 W Unit ZH 10
R eR 24U gas g4 sigmoid
X R 245 =50 HIE 0.4
= R 245 W Unit i 75
= o 245 243 et sigmoid
T Hf 243 EEOHR HIE 0.4
EIF =] 0.1

24) 3 Aol AL Al L2 Al SHregularization) 2 4 881507, ok k(dropout) W&
roll th3t grid searchs Faf A4S
25) A% ©lolE 9 g 0252 HAT.



<X 4> LSTM R& Zul|7|H <~ (hyperparameters) A7 4k
EOH7H A
=45 M= 2
XN 2435 W unit 7= 8
R 245 2dst g sigmoid
N EHWN 2495 ES0IR HlE 0.2
= R 245 W Unit i 21
W 245 2y o2 sigmoid
7 HE 245 ES0R HIE 0.4
EIF =] 0.1
O Tensorflow W A7 &52] Al darg]Soll= 9 2)A4(randomness)©] A4 2H-8-3}7]
oll, g doleg e} AAT 7% st sharitt 254 Aoldt Aot
=Ed T o

— Hede A ARA gF S wHRHoR Ao, o]2fdt 5= A
§2 E3E(empirical distribution)E &3l HFAQ J5A EEshs Zlo] kA
(1 A9 Bx e Hit B SR 9

— & A7 A Ak 9 A3e] A (reproducibility) = 18l B Sty 2
o £918t random seedS FoJst Tl Als] AlE#old AFE P 9



(learning rate)>

<&l 5 SEE

SEEUM 28 oE 2

SEENE
0| SH-t2AIE ZEsts

()
ol

I |-O:16|_0;| o}

2

7|AskE 2HEoIM 2 W Z[Xo| TISKIE

descent)0| A=
nNg z|Astsh

LIESO=AN,

e
o
[72]
w
—h
c
>3
(@)
=,
O

o] A
iy, 48

0O ZAL stdH2
HE=5HA OH7HE4~(parameter)20 S 041:1|o|
7| 25t 74& wE 2ol Jefc|

o
]
1o

E(gradient

e

O7HEHrE 2t
<19 16> A} 3174 (Gradient Descent) 2}

LOSS

LOSS FUNCTION

Gradient =0

PARAMETERS

Minimum
|




o 9| Jei=ofA EH, HA offtHa HEof chet &4go| SAl(w,) T2
EES Attt JefeQlEr Hashks dEe= 0S310{, J2ie(IErL 00] =
= ZRU A8 (we) =E2e CE 2Ee=Z HojZ wje] 37|E &SE(learning

rate)et Sl, SHEE0| 255 O I/ 0[5

<19 17> 58l w2 AF s 2
LOSS LOSS

LOSS FUNCTION LOSS FUNCTION

@) —_—
® I —!
D% e
2 e =
F_______________..——-‘f
W~ |
W

Minimum PARAMETERS Minimum PARAMETERS

== UF A 2F051H 22t BHATEK] e BHS5H0fF StEE AfZHo|

o
[0 1%
I

o

=]
Zo|H, HF 3| 2ol Ho| ofd EMSHA =[0] FRgtE RILIA

=USE o
Aoje = JAZ

nq
1=
=2

k>

Im
mu >
-
ol
N
o
:o£

=SXN0|EE, &4 S2FE ZAL Sl A ZOH. T

i
&4 g8 71279 HEkl ni2lole fof s HolE AL

N
RSS(0) = ]iVZ(y —0x;)* 2




o ?9 HE =AM E ZE Tf2f0[Eo]| oiet HOES sHHol| AlMsE | sl HE

)
860
9 rss@)| 2 .,
VoSS = | 9y = ]_VX (y—0X) 29
9 Rss(o)
89n
...................... (24)
o ZARBIZE BAIS ofzfet Zo|
6..,=806,— aVQRSS(H) =6, — %aXT(y—QX)
...................... (25)

= EEISioR dnjL 0,2 H|0|EY ZoIX| HHsHs SEE. 6, =
O|EEl Zto2, UHO|EE Sall =& &4 SxitE #= 0, 2 2= |2
RI=&}
1o/

26) tj7fHS=2 n}]g@d AN REE 7}EX], A So] 9tk
27) H]Eeho] thE A9l o A2 = MSE, Cross-entropy 5-°] Ut} A9l FU3sic)
28) dr“"ﬂ’ H’GH 7]_ 719k AR sebu|E] o2 X $HShh
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GRU ¥
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(1) |X|03 29
0 LSTM

No
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oj

A
Ar
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Al

A
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o)
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7] A5 v O Z AR(p) B

(D AR (Autoregressive) Model
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A v 2719

b1 915
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A=
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71 73
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ol
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< Factor loading 737 GDP A%
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L
=1
a6

A ‘REAL(AE) E

AAHE 2 GDPAAE] U

=
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#57)

119] <3% 27>9] Awuige] 2718 GDP 445 A5E 5718l DFM &
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<
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- AR 239 lag order

(2 Dynamic Factor Model (DFM)



(2) H2 2 o=

0 o= Hrp|Ee B EdoA P AMLE T Al AFTHIASO A
(Root-Mean-Squared-Error; RMSE)$} 2t 2 X{(Mean-Absolute-Error; MAE) + 7}
A 7Ee A

o
A £

0 XE 9] 9577 20159 1€5E 2020 1287042 A3t
— F2} | S(recursive forecasts; RF)Y E% %9 IZ(rolling window forecasts;
RWF) + 7FA] WS ARgslo] 32 9] oS (out-of-sample forecasts)®] RMSE

9} MAEE A4t

— RWF& Hejd 289 shso| ARgE a5 d|o|E(training data) A=2 FA7]&



R 9] A5E s

A3t Aol A

o
T

I
HloJEle] =717}

5]

AL 474
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‘&_l

— AALE AR 24 5 (7FE, stationarity o)l mWeEF F 714 o

Swanson and

O e,

T
-

ESEb

, 2014)

]

&
Rt

S

White, 1997; Tashman, 2000, Z|*5 -



3. 8 A7}

(1) ZEU-19 7]zH2020) A EE 9] o= A3}

(RMSE 7]5)

| %?;7] GDPAIAE TE 2] of=of|A] =x}o)= 7]HF LSTM 8 2] RMSE= <k (.48,
Uebd (<3E 9> ZX)

Q
=
c
o
g}
el
rlr
O
U1
oo
il

3% GRUS] RMSE+:= ©F 0.54, LSTMS] RMSE:= ¢F 0482 7]
FE7] AAANGE == LSTM 7)4F B8jo] Aja o g 953t

- F7] AEE oA524e] Alwdel tidt Diebold and Mariano (1995) 77 2
= GRU 533 DFM B3 7+ 93t zfol7} &£A5, LSTM¥ DFM
]_ T

2] frolgh Aol A e

— LSTM =33 DFM R2&& 4 o SA] |(forecasting horizon)ol] A oSl &
AR R fou|gt 2folE HolA| k&

— & LSTM B39 A5 3] B 127] & BAEE 158 oM
AR(1) B Fefu|et zlolE B

0 EE o5 18of 3lojA oS AA7) dojA4E S5t SEE 4TS Ko
1 glom, 357] o]F GDPAFES] Y3t S A= AREF L & ZJo]E HO|A]
ot= Aoy e

- W LSTM EHS E3 ofZeld] 2 l5AE AUH0E W A AN E
AR() B33} BAZOE Feot HolF 1Y)

~ GRU 29| 49 oAz MAna 243} o=ge] glojre] EA4
2 ol Aol7k EAlsh, fZdo] olsHlE Wow AZes) AolF ne)



O GRU, LSTM 7|/t &5 o5 AH(24, T4, Tl wet o= 2ap7h =24 WEst
A ke Aow vz

— o}, ASA1-o] Wl A9 LSTM, GRU 55F o507t T2 AH9 oo

7] GDPAGE Hat 9] oSolx] ANk 02 LSTM B39 FatelS MAE: ¢F

rlr
_10

o] 7% GRU 23] MAEE °F 044, LSTM 239 MAE+ °F 0.37
715301, LSTM E&2 AR(1) 233} oS54l A4 07 fon|sh Ao|7} &

O
o mpt
o
o
k
o
2
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=
of
i
&
c
td
ot
rlo
2
i
e
s
12
b
s
rlr
o
ool
tll
2
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W
1o
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S
2
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s
)
i
o =}
o

~ W LSTM B9] 49 MAE 7% DM 589 S5} EA40w fojvia
? % 452 A9

Zo] 79 WAr}a 5ol DEMO| dZoxnrt A 1—%%1741 o]
AR AUHoR B8 A Uen: A 1 Jygw ZajolZe] A% Gy,
287 F, 387 F A4E =] oA DEMT} clZeef owa o3

— LSTM 7]%F of=2] AL #ixnta 28 DFM2 =kl A oA Alo 4
A A gEA JeptA ke Aoz fFEAN 387 & AAE oSH o=
DFM thH] o Z&ef 23 2}o]E W<

BE % 2] QolA oIS AP DolasS ASeA) SiEs 4 1ol
3L 90, GRU 71k l%9] A9 2HAES iS5l mg) AHLFS AR(l) 23



0 dF AM(RY, F9, Y] ge} oIS oA} A WA = Ao P

— RMSE 759} v 2, oEA]d0] W<l 29 LSTM, GRU EF =24}
7} € AIE9 oS vlE] ¢S SjE s 736&—% Hol1 &

- LST™M 299 3%, 74
AR(1) 5% tj¥]

(~

. FEU-19 717H202019)2 AQlsh i 9] oSelA Held 7Rk RE 9] o598l DFM B ¥
ko] of| S Atel| QoA Fo]#]1 ApolE Holal IA| §HAINE LSTM E&o] GRU K3l Hléﬂ
FH oz 5ol - Z10 % Uk webd GRU 7|HF AR LSTM 7[HHe] o S5

A5l Fgsh= o v Ads B

o

(2) Z2U-19 7|7H2020) X3 FE 9] 4

(RMSE 7|%)

v

23}

O FZ-19 7|7HS X33 G57] GDPAAE X & 2] oS0 dAutd og =3t =
714 LSTM 53 %] RMSE:  ©F 0.99, GRUS RMSE+
19> zl %)

— oh, LSTME] A% 187] ofF 43E AZel old 23 7] A5l
2 Aolsh EAA FAW, P Y4E FAAZe] YoIA AR() BHT §
o3t Aol EA%

, TEU19 (2020) 717He e P70 o5 & Aol EAEHA
+ A0= 7

52 N

— GRU E¥2 AR(l) EFHr} 5471 7o, 7 23 1t o503) #jold



0 TV AFE 59 AF, A5 Ade] TER JWYPLF= GRU BF U LSTM

G| A5 a7t GopA= o] AT

ko

&

- 29 FAS 71, LSIM B¥9] 327] o]F AdEe] et 582 AR
o dlsiA FolmlEt xlolE Hola Qlar, ARk ow wled 7Nk Ry} Wk
nheL B 7R o SEol] glojA Fould AfolE wolal QA o

AV}

- 4 EHUAES o= 7%, GRU 239 1327] o]F AAE udt 459
DFME& 3 thulsiA fFejw]gh xfo]E Holil QIA|WE RMSE ztel= IA o5

0 7] GDPAE ®i: 9 o5elA Anbd o2 FAke= 7]% LSTM X% ¢ MAE
= oF 0,63, GRUS] MAE: oF 0655 Uehd ( <Z 24> #%)

0 EHALES =9 79 GRU B39 MAEE ¢F 0.65, LSTM2] MAEE ¢} 0.645 7]
23190, GRU 7|4k 237} LSTM BE& 72| o520} Ak T3 23w
5T FA52] oS oAt & Aol7F EAISHA A
— oL LSTM B3 F3t o159 4% GRU 9 DFM 7[5F B3e] vlg] o5 A|

AL AAAFE A e dE oAT 1=Hgom, A A A AF

0.62~0.68 T2 FAQl AFFNE BT Q5

O CFAIFle] 2ol BEE A4S GRU 2% % LSTM 29| 50ap7} stolA]=
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%SR9 7130202019 & AR 3B 9] GR7] AFE o514 DFM 233 LSTM 23 3F
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<3 5> GDP AE H 9] o= (20201 % A|2]): RMSE

(a) =¥

=

<# 6> %92 7]% RMSE (20205 #)£])

GRU LSTM DFM AR(T)

= 9]

(b) ==

<% 7> =9 7]F RMSE (20209 % #)$])

GRU LSTM DFM AR(1)
=A o=
: =
y(t+1) 0.6983 0.7299
y(t+2)
y(t+3)
EYA=R o5
y(®)
y(t+1) 0.6944
y(t+2)
y(t+3)

(c) 24
<% 8> W4 7% RMSE (20204 % #]9))

GRU LSTM DFM AR(1)
=A o=
y(t+1)



y(t+2)

y(t+3)

22 oE
y(t)

y(t+1)

y(t+2)

y(t+3)

d =%
<3 9> Z3% RMSE (2020 % #]2))
GRU LSTM DFM AR(1)

=F1: GRU: Gated Recurrent Unit. LSTM: Long-Short Term Memory. DFM = Dynamic Factor Model, AR =
Autoregressive Model.

2: *: Diebold-Mariano (1995) 7174 Z2¥ DFM E3#2] 592} Alwdke] 2lo|7F 10% Frelg<eld Fo3hs A%,

3: **: Diebold-Mariano (1995) 77 A} AR(1) FG7e] A5k Al 27} 10% ool Folgde A%,

44 ***; Diebold-Mariano (1995) 77 A3} DFM 4 AR(1) 2839 = eat AFEF] 2ol7} 10% -2l

FeehE A4

<% 10> GDP AE B2 9] o5 20209 % A|2)): MAE

(a) =¥

<% 11> 29 7|5 MAE 20201 % #]£))

GRU LSTM DFM AR(1)
=i o=
y(t) 0.5146"
y(t+1) 0.5456"
y(t+2) 0.6456"  0.6280



E2
y(t)
y(t+1)
y(t+2) 06230"  06323" 06227
y(t+3)
(b) =4
<3 12> 59 71F MAE (202095 A|2])

GRU LSTM DFM AR(1)
i
y(t) 0.4844
y(t+1) 0.5356 0.4806
y(t+2) 0.6075
y(t+3)
EAUA=L o|x
y(®
y(t+1) 04918 0.5115
y(t+2) 0.5953
y(t+3)

(c) &€
<3 13> 249 71F MAE (202095 A|2])

GRU LSTM DFM AR(1)
=i 0=
y(®
y(t+1) 0.5013 0.5128
y(t+2) 0.6339™  0.6060
y(t+3)
EAUA=L o|x
y(t)
y(t+1) 0.5307 0.5025
y(t+2) 0.6242 0.6081™  0.5869
y(t+3)

(d) T%



<I 14> F3 MAE (20205 A9))

GRU LSTM DFM AR(1)
i
y(t) 0.4890™
y(t+1) 0.5502 0.4654 0.4859 0.5255
y(t+2) 0.6416°  0.6138
y(t+3)
EYAER o=
y(t)
y(t+1) 0.4924 0.4581 0.5062 0.5085
y(t+2) 0.6325 0.6236 0.6016 0.6797
yt+3) 07375 o0esn™ 07202 073%6

ZF1: GRU: Gated Recurrent Unit. LSTM: Long-Short Term Memory. DFM = Dynamic Factor Model, AR =
Autoregressive Model.

F2: *: Diebold-Mariano (1995) 77 23} DFM E&39] o|5eak dujgke] Afo7t 10% fFolaelA fFolds A%

3: **: Diebold-Mariano (1995) 77§ A3} AR(1) B@#e] 50k Auigte] Aol7k 10% FrelrelA frelshe A%

4 #**: Diebold-Mariano (1995) 774 A3} DFM % AR(1) E&83}] o=ext Auhgke] aleo)7} 10% H-24<=oA

e A3

=

<¥% 15> GDP AFE ¥ 9] oI5 (20205 X3hH: RMSE

(a) =¥

<% 16> 9 7|5 RMSE (2020(1% 3¥3h

GRU LSTM DFM AR(1)
SN
y(t) 1.0194 1.1000
y(t+1) 1.0414 1.1025
y(t+2) 1.1242 1.0511 1.1584 1.0910
y(t+3) 11216 1.0472"  1.1226 1.0940
EYUAELR OF
y(t) 1.0347 1.0642
y(t+1) 1.0726 1.0762
y(t+2) 11270 1.0732 1.1609 1.0695
y(t+3) 11150 1.0417 1.1363 1.0685

(b) =€



<% 17> %49 7|5 RMSE (20201 % ¥3h

GRU LSTM DFM AR(1)
=NV =
y(t) 0.9930 1.1000
y(t+1) 1.0451 1.0868 1.1025
y(t+2) 1.1070°  1.0508 1.0803 1.0910
(

y(t+3) 11472 10540 1.0912  1.0940

y(t) 0.9620° 0.9523 1.0642
y(t+1) 1.0666 1.0442 1.0904 1.0762
y(t+2) 1.0473 1.0640 1.0865 1.0695
y(t+3) 1.0520 1.0341 1.1047 1.0685

¢ &g

<% 18> U4 7|5 RMSE (20201 % ¥3h
GRU LSTM DFM AR(1)

=XAF Ol
y(t) 0.9660
y(t+1) 1.0774 1.0415 1.1098
y(t+2) 1.1368 1.0358™ 1.0976
y(t+3) 1.0579
EYYUER o=
y(@®) 0.9587
y(t+1) 1.0927
y(t+2) 1.0735
y(t+3) 1.0816

d) T

<3 19> % RMSE (2020 % X3}

GRU LSTM DFM AR(1)

1.1177
1.0427 1.1049
1.1227 1.0459 1.0932
1.0530 1.0952

1.0875
1.0781




y(t+2) 1.1140 1.0702 1.1412 1.0714
y(t+3) 1.0994 1.0527 1.1394 1.0698

ZF1: GRU: Gated Recurrent Unit. LSTM: Long-Short Term Memory. DFM = Dynamic Factor Model, AR =
Autoregressive Model.
2 *: Diebold-Mariano (1995) 717 A3} DFM R&#e] o5} Alwake] Aol7t 10% ool Flghe A%,
73: **: Diebold-Mariano (1995) 7% 2%} AR(1) 27} dZeaf AlFae] zlo)7F 10% rela<elr Fo3e 2%,
ZF4: ***: Diebold-Mariano (1995) 774 A3} DFM 9 AR(1) B&¥2] 502} AFF 2o)7F 10% F+2l7olA
T AL

<¥ 20 > GDP A& X2 9] o5 (2020d% ¥3H: MAE

(a) =¥

<¥E 21> 22 7]% MAE (2020 % 3}

GRU LSTM DFM AR(1)
=X o5
y(t) 0.7070 0.6389 0.6669 0.7002
y(t+1) 0.8210 0.6745 0.7842 0.7204
y(t+2) 0.7754 0.6785 0.7759 0.6900
y(t+3) 0.7772 0.6757 0.7722 0.7014
EY/=2 o5
y(t) 0.7024 0.6717 0.6656 0.6836
y(t+1) 0.8258 0.7182 0.8078 0.7108
y(t+2) 0.7715 0.7371 0.7925 0.6892
y(t+3) 0.7948 0.6819 0.7746 0.6852
(b) =€
<3 22> € 7] MAE (2020 % X3
GRU LSTM DFM AR(1)
=X o5
y(t) 0.6394" 0.6249 0.5292 0.7002
y(t+1) 0.7694 0.6796 0.7225 0.7204
y(t+2) 0.7635 0.6811 0.7112 0.6900
y(t+3) 0.7787" 0.6747 0.7119 0.7014
EYRER o=
y(t) 0.6358 0.6074™ 0.5439 0.6836
y(t+1) 0.7251 0.7031 0.7352 0.7108
y(t+2) 0.7220 0.7104 0.7263 0.6892



y(t+3) 0.7006 0.6649" 0.7394 0.6852
(c) =¢
<¥ 23> 99 7]F MAE 20209 % ¥3

GRU LSTM DFM AR(1)
=X o=
y(t) 0.6072 0.6133" _ 0.7623
y(t+1) 0.7739 0.6710" 0.7833 0.7240
y(t+2) 0.7655 0.6648" 0.7627 0.7034
y(t+3) 0.8006 0.6791 0.7935 0.7036
ETRER 0=
y(t) 06125  0.6330" 0.7437
y(t+1) 0.7461 0.7324 0.7167
y(t+2) 0.7789 0.7271 0.7757 0.6914
y(t+3) 0.7824 0.7317 _ 0.6962

d F&
<3 24> F3 MAE (20209% ¥3h

GRU LSTM DFM AR(1)
i
y(t) 0.6512°  0.6257" _ 0.7209
y(t+1) | 07881 06750 07633 07216
y(t+2) 0.7681 0.6748 0.7499 0.6944
y(t+3) | 07855 06765 07592 07021
ERER 0=
y(t) 0.6502°  0.6374" 0.7037
y(t+1) 0.7657 0.7179 0.7127
y(t+2) 0.7575 0.7249 0.7649 0.6900
y(t+3) 0.7593 0.6928" _ 0.6888

ZF1: GRU: Gated Recurrent Unit. LSTM: Long-Short Term Memory. DFM = Dynamic Factor Model, AR =
Autoregressive Model.

2 *: Diebold-Mariano (1995) 717 A3} DFM R&#e] o5k Aojgke] Aol7t 10% ol folghe A%,

°3: **: Diebold-Mariano (1995) 77 A7} AR(1) B8] 524k Aujgke] 2017t 10% F-2J5=rollr f-28hs #73.

F+4: ***; Diebold-Mariano (1995) 774 A3} DFM 9 AR(1) 2839 o=ea Ahzte] xpol7} 10% o=l

e A%



mJ
ey

&H

ofell A &

H
R

th ARe)e] of

O 2 dq+= ¢

stol -elubet w7 %

)

ol 3lefA

=7
= =1

Fof ol

H7} v s

I
-

|72 23321 DFM

O LSTM 7]4k o=

=
Y

o

F

HolE €] o] i

-
-

)

PR

o

PN
T

=

o1

o] 5ol AR
A7 Aol 807K olviEt, ¥4 SHoverfitting) 2] A7}

1

I, sk ElolEfe] <ol

A A

5] 4%

7S

A

s

3L
=

2N
i=i

©
.

oA DFEM H&ol 7]

27 g

=
- =

A, 4
ASA7F FYHE °olF =

=
=

o] DFM9] <

JEEE

3 EA. webd F B

Al
=

3}
o}

371

& ol ex)E v

o



==l=] RMSE
ForecastModel_NABO 0.47~
Biau and D’ Elia (2012) 0.66~
Tiffin (2016) 0.69~
Jung et al. (2018) 017~
Medeiros et al. (2021) 0.73~

7 ForecastModel NABO+ 20201 A|9]sh & o] oS54 ¥S]

9] oﬂii F= e 7IREe] d5R Cﬂ Jung et al. (2018)&3} == T
04 2

A== Avrd ol <F 26>?Jr Fdss

<& 26> 20224 227 5= ZHEEE oISA (H2l: %)

o o=
a JEE 0.70
LSTM_mq 0.7019
GRU_mq 0.4520
LSTM_m 0.8585
GRU_m 0.3547
L FEEEF30) 1.60
BNP It2|H[31) 0.40
AR ZAMIMA 0.40
T mq = 75 119 ST 9 &1 7 81 A4 B3 m = E79 3589 ¥ IEAs

AR B

30) https://www.mk.co.kr/news/economy/view/2022/07/658262/
31) https://news.einfomax.co.kr/news/articleView.html?idxno=4226006
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SolUA] Fdtths AellA, Sg dHiole e 7+& A B3 s v Al AdER
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=
5 Adst] HFAQA ASAE AEshs G E(ensemble) 7H e tist AT FQ

— & &°|, Super Learner ¢32]5F (e.g., van der Laan et al., 2007)33)2] 739~

g o5 o] Akgdlls AS5Ane] HZ 9 ddHlTe See T B

— Super Leamner Ul LSTM 5= GRU 7[Rt S E & a19] oSSR o= HAsto],
718 O ASEYEY AT HE 7He A8

32) [F5 4] ¥ A7olA ARESE 23] AP
93k 71ASkE daEE wigh Sl AL
33) Super Learner®] IFo]® o -] thst ApA|et 8-> http://ml-ensemble.com/Z 3l
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(Measurement Equation)
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....................... (33)
(Transition Equation)
Ji [, & @& @& 0 0 o 00 o o]l T
us I 0 o 0 0 0 0 00 o of 0
fi2 0 I, 0 0 O 0 0 00 0 offl/ 0
fia & o 3 B 0 0 00 o o7 0
fis o0 O 0 L 0 0 0 00 0 of” 0
Eé =lo 0o o o0 0 diaga,,a) 0 0 0 0 0 eg‘ +] e
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2, 0 0 0 0 0 0 0 1 0 0 0], 0
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ELEE -2 [
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CONSUMPTION q7tAHl 7= 2 0 REAL Q
PINVEST HH|EX} ot 2 0 REAL Q
CINVEST HAEEX S7t& 2 0 REAL Q
EXPORT == 37t 2 0 REAL Q
PROD g%%%gﬁ (HLre, 2 1 REAL M
PRODMAN A AR (M =) 2 1 REAL M
PRODSER A ARK] = (M H|A ) 2 1 REAL M
PRODMIN S Y AK] 2 1 REAL M
MAFSHIP N [Enge b= N R 2 1 REAL M
MAFINVEN N E~Ru PN BN R 2 1 REAL M
INTENSITY MEY7tsEXI+ 2 0 REAL M
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RETAILSALESD A O EHOR K| 2= (L <L RH) 2 1 REAL M
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INVESTIND HH[E XK= 2 1 REAL M
CONSAMT AE7)1d () 2 0 REAL M
CPI AH|XFETFK] 4= 1 1 NOMINAL M
PPI RPN =M N 1 1 NOMINAL M
IPI T 1 1 NOMINAL M
EXPI F=E=2=7H| 1 1 NOMINAL M
CPI_EXAGRI AHXE7HK (s 7He) 1 1 NOMINAL M
CPI_EXFOODS AH|IXE 7K SAMESHXMLL) 1 1 NOMINAL M
EMP_NUM F g At 1 1 LABOR M
UEMPR MOE 1 0 LABOR M
EMPR ngE 1 0 LABOR M



ECONPART_RATE dNgsEItE 1 0 LABOR M
M1END M12EEE 2 1 MONEY M
M2END M2 2 2 1 MONEY M
LFEND LF ZE%H 2 1 MONEY M
EXP ==Y (SH7F) 1 1 REAL M
IMP FUFY (E27|F) 1 1 REAL M
BSI_SALES Oi= BSI (A&7|E, ©otE) 0 0 SENTIMENT M
BSI_ENV A BSI (AE7|E, HAHY) 0 0 SENTIMENT M
BSI_MAF_EX =& BSI (M=) 0 0 SENTIMENT M
BSI_.MAF_INTENSITY  7}S& BSI (= %) 0 0 SENTIMENT M
BSI_MAF_DOMESTIC  L{==Et0{ BSI (M=) 0 0 SENTIMENT M
BSI_MAF_ENV 212 BSI (ME=Q) 0 0 SENTIMENT M
SENT M el X (=etHSK]) 0 0 SENTIMENT M
O <3 27>% TGROUP, < 3ll'd A%W47F DFME ths QR1% oW st I el 4

F= WA el Wy

- &, EE ¥Fo 9%S WX ‘GLOBAL 3590 A4 F 7 W] &9l IF
o3l FE001S A4 ‘REAL’, ‘NOMINAL’, ‘LABOR’, ‘MONEY’, ‘SENTIMENT’
5 S/MY Sl IEE ¥ ERQEs AT

(3) EE 9 o= A7 (20209 % A9))
(RMSE 7]5)
O 97 GDPAEE X 9 oSFofx H¥bd oz Zxe5 7|8k LSTM B39

0 EYUES =9 H$ GRUY RMSE: oF 0.65, LSTMS] RMSE+ ¢F 0472 715

A ow G AANRE AZelt LSTM 7l o] £8F7] AR o

S 715, LSTME® S AREE I vl wajA oS5ee] fe]gh 2jo]
B2 WAmta 2E o] 5§23 Ajolg Kol

—
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1o 1

— GRU 23 SAI52] B, A IS5l 24 DFM Bt} o5 exp7) g4
O v A Uk Aol #EHH, YA VIE Sl 2 1]
T AEE CASeld AT EYEG ¥ S 58S 7 Ales Y

— LSTM R3S DFM 58 o5 239 vlus] A ASA A 44 A th=2A
UERA] 942 Aoz fEEm) oS8 Qloja] SAACRE {5t Afol= W
AR =

0 ol NAZ Aol AFE )5 07} SrfEs AT ol w glon, 2k7] o A
Fol 3t oI5 LSTM B8-S Alglelit AR BRHE & A0lE HolX gkt
Aoz Py

O LSTM E&9 dZea= oS AIH(Z2Y, $¢, D)o ueg} 34 WEsHA oo
GRU 2329 &= oA g 2442 shfs= Ao 9

F7] GDPAAE R 9 A5 AHUFE o2 LSTM B89 MAE+ ¢F 0.34,
GRUS] RMSEE= ¢F 0425 YR (<3 37> #x)

0 EZHALS =2 4$ GRUS MAEE= ¢F (.53, LSTM2] MAEE ¢F 0.373 veR

— EF57] AR SeME GRU 7|8 52 A WXt 232l DFM Kt} o
S} iAo ® B A YR Al Qi vl clSAAll A A
DFM B} oSeo] yo- Zlow Hrhd

— LSTM 7]5F o=2] AL wixu}g 23 DFMO o= Axtel vlua)] A o=



Al Al A A
715, DFM &

T AelE Bolal A AN ERAES 1271 - AEE A5

Anrh 2o & o7 )

— Z3= 7]F, LSTM 23S AR BB} of=go] 22 Ao7 Hrly

BE A5 B8 QoA oAF AAZF AAAFE A exp) EuEs F3S Kol
9o A o%]%]ﬁ] of A2 GRU 28-S LSTM E&9] o=0x} Bt} =& 3k
7=

2L

A5 ANH(xE, $E, DY)l uet oS AP IA WEshH U Jow v

- 29 X5 7] AE 95 71, LSTM E82 AR B3 HU o530]
F& AR HrkEY, DFMYR= dlS5Ee] SlojA] foju]gt 2tolzt ¢l

- 29 EYHYES 9= 177 & AFE 9= 7]+, LSTM 282 DFM B8
tr] d&5go] w2 o7 Hrld

- 9 2 45 117 F AZE 95 71, LSTM 282 AR 28 fH] ¢
SYo] 2 o7 HrkE wEd 9 EYAES 177 = AHE 95 75
DFM X3 tjy] d&58o] =2 7oz Hrid

- 44 7]¥, LSTM E33 DFM 238 119 o599 Aol EASHA &= A
o7 H7lE} LSTM 283 AR B8 U] o=go] =& 7o =

<¥ 28> E3r7] Y GDP AAE X2 9] oF(2020:9 % Al2]): RMSE

(a) =¥

<3 29> 29 7| E£F5F7] B3 RMSE (20201% A %))

GRU LSTM DFM AR(1)
=i o=
y() 0.4915 0.4727 0.5416 0.5124
y(t+1) 0.6605"  0.6350°  0.6396 0.7299
y(t+2) 1.0574 1.0567 1.0301 1.1408
y(t+3) 1.0479 1.1019"  1.0995 1.1771



EUYES 0=

y(®)
y(t+1) 0.7428
y(t+2)
y(t+3)
(b) =€

<¥ 30> 29 7]F E§57] 23 RMSE (202005 A)9])

GRU LSTM DFM AR(1)

(c) =¥

<3 31> %¥ 7|F £9F7] 2F RMSE (202045 A9])

y(t) 0.7596™"
y(t+1) 0.8421"
y(t+2) 0.9758 0.9818
y(t+3)
d) &%
<3 32> £ 7]F E357] 23 RMSE 202005 AS])
GRU LSTM DFM AR(1)
=Xt o=




0.9881 0.9901

=F1: GRU: Gated Recurrent Unit. LSTM: Long-Short Term Memory. DFM = Dynamic Factor Model, AR =

Autoregressive Model.
2: *: Diebold-Mariano (1995) 7174 Z2¥ DFM E3@#2] 592} Alwdke] 2lo|7} 10% Frelg<elr Fo3hs A%,
3 **: Diebold-Mariano (1995) 7178 A7} AR(1) 2&3#e] o5t Alxade] 2jol7h 10% FoolA f2ghs #1734
Z4: ***. Diebold-Mariano (1995) 717 Z3} DFM 2 AR(1) E&72] o=} A5ate] xFol7} 10% F2]Fa=ellA

FABE A,

<¥ 33> &3] 28 GDP AE X2 9] 520209 % A|2]): MAE

H

GRU LSTM DFM AR(T)

0.6408"  0.6280

0.6270 0.6227

(b) =€
¥ 35> o9 7| £37] 28 MAE (2020 % A 9))

GRU LSTM DFM AR(1)

S )

y® 103700 03293 03269 04106




y(t+1) 0.5435" 0.5318
y(t+2) 0.6191"  0.6075
y(t+3)
E=R 0=
y(t) 0.5052"
y(t+1) 0.6223" 0.4918 0.5115
y(t+2) 0.6058”  0.5953
y(t+3)
(c) B¢
<3 36> T 7lE £4F7] EY MAE (20201 A9

GRU LSTM DFM AR(1)
=X oS
y(t) 0.4962"
y(t+1) 0.5577 0.5013 0.5128
y(t+2) 0.6424 0.6024”  0.6060
y(t+3)
E=R 0=
y(t) 0.6340™
y(t+1) 0.5307 0.5025
y(t+2) 0.6081"  0.5869 0.6770
y(t+3)

d F&
<3 37> 9 V| =951 B MAE 202015 A|9))
GRU LSTM DFM AR(1)

*k

0.6611 0.6208

y(t) 0.5281™

y(t+1) 0.6455" 0.5062 0.5085
y(t+2) 0.6016

y(t+3)

<F1: GRU: Gated Recurrent Unit. LSTM: Long-Short Term Memory. DFM = Dynamic Factor Model, AR =



Autoregressive Model.
F2: *: Diebold-Mariano (1995) 7174 23} DFM &
F3: **: Diebold-Mariano (1995) 774 Z¥} AR(l) &

wEste] ol0x Arhgtel Aolk 10% Fol5
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Growth Projections during the COVID-19 Pandemic

= Artual GDP growth
== Model's Forecasts: Rolling-Window
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Growth Projections during the COVID-19 Pandemic
= Actual GDP growth
== |Model's Forecasts: Recursive
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<3 38> TAY L SR ARIIAA R A s

H=3 He 48 LAG DIFF GROUP FREQ
CARD_SALES 7HA MEIIE O|EaH 0 0 REAL W
CASH_SALES JIUN S Zofj=oH 0 0 REAL W
CREDIT_EXP 7t JtEOE 0 0 REAL W
UNEMP_PAY AMAZAX|2HS 0 0 LABOR W
JOB_AD 2RI E = u%# 0 0 LABOR W
MOBILE DHIYEAO|IS 0 1 REAL W
e b e S S e e
O 2 FZoqM9 5538 (3= 119 239 AFAQl 32+ Y8ty FHe=
Uy = SHA AR AARRE 998 7|2 Ad3lslo] A 3ol Z3AF]
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GRU LSTM
=4 o=
y(®
y(t+1)
y(t+2) 0.7576 0.8063

y(t+3) 05343 06363
EUAER 0|5
y(®)

y(t+1)

y(t+2)

y(t+3)

< GRU: Gated Recurrent Unit. LSTM: Long-Short Term Memory.
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}(Biological Neural Network; BNN)
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(1) HAEE (Perceptron)

0 1y AFEe] 714 H= dagjF o2, vl AeE g or wol she] AT S £
7}
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=
et YAEE ASe SEWEEA oethE Al A7t 19 00 Bd

38) “A logical calculus of the ideas immanent in nervous activity” (Warren S. McCulloch & Walter Pitts, 1943)



<713 22> 918 A37F 5 70 HAERE oA
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o /4-"---____ *n_\\
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I Y I
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e -, E—
-_-{./ \1
Vo
| Xz |
*, Iy
S e

27t nHE RS FolRE, 7 A5 9FYS 2Yshs md FAY 9K 98

0 7FEA kol ARFH T 2159 T AA e, o5 B0l 7HEA w, =0.000010]

2ha Sk, gk 2,00 oMYl AURE AEE we, S 09 M- #

09 J™elA A& 7 B kE(node)olm, F9 el yu ol S B3 E8 2%
aAs 55 7%
o ¥ A% ;8 2yt U wHoE FH u, 7R w B wy sk 2 FEk] zyw,

0 (wyz, + wyry < 0)
Y71 (wyx, + wyzy > 6)



o 9?19 HAEE ZAM YAZ f& bR AsHE, b 7ol HellAs el HE
0 (b+waw, +wa, <0)

y= {1 (b +wyz, + wyzy >0)

0 5, 48 Az 7l (w) wakal AdKb)S d3t Fo] oxt I 18 =83, 2o

0% ZYel 240 A%

(2) JAEE =E3=

O HAHEE =232 e 7laA9 dAZEED ol wet S8o] A4 E. =, AMERS] 72E F
Azt w7 gk 24 wel Alo|ErE wA

<19 23> HAHEE YK oA] 1: AND Al°|E

Xi X2 y
0 0 0
1 0 0
0 1 0
1 1 1




<% 24> HAEE H|3E oA 2: NAND Al0|E

X: X: y
0 0 1
1 0 1
0 1 1
1 1 0

<19 25> HAEE 7218 3% oA 3: OR Al°|E

X Xo
0 0
1 0 1
0 1 1
1 1 1

<19 26> HAEE 2123 oJA] 4: XOR AHl°|E

X X:
0 0
1 0 1
0 1 1
1 1 0
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O AND AI°|1E= 7 AdE 22,7 7 1)1 A, 1= 9, 2 9+ 0

A7l Bk wi A, Ao 29 244

o9

238 (1), y, 0) = (03, 03, 0523 2P,

=

Al

0.3*0+0.3%0 < 0.5 =0 &9
0.3*1+0.3*%0 < 0.5 =0 =9
0.3*0+0.3*1 < 0.5 =0 &9

0.3*14+0.3*1 > 0.5 = 1 &8o|==x o] &2 AND Al°|E 271< 1=

O NAND Al°|E= AND A°lE &9 vEde] Fe|=, F Y 2y, 2,7t 27 18] B9, 05 &4,

O OR APIE= F 8 T shy ool 191 49, 15 29, 1 9+ 05 =9

O XOR APIEE T+ o9 = st 19 A9, 12 &9, 1 9+ 08 981 2dov, o=
AEE PRelME T Bk
<13 27> HAEE A7} (: ORAIPIE 27, £ XORAIP|E %=71)
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X -1 \

\x X X o
0.5 \

# X o x>

0-\ X'l C 0.5 \ X1
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(2) Y= HAEZE (Multi—Layer Perceptron; MLP)
O HHPERS TAF O R ofy T A 7322, J35 HAEES oy J %ol njHdPgHoz &
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0O €4ds} &< (Activation Function)

O 7o wxell B bE T ft= 294 R Wekehs WY 4 h, 5 BT I

gl B8 §5E Agehs olfi Bdd uaFY 25 B3

<17 30> B8 T4 Fel ATIR0IE, sjolulBel BAIE, ReLu (D5HE)

Iy Spff s
::-:'::o.e 08
08 06
-8 IR ; 2 4 e .......... 5 e X e g ; — T 55
o
. 08 5
1.0 10 N
O A]7250)E FH(sigmoid; o) Z8 W97} 004 1 Aleloln, & nddl| A3sl 3
1
olz) = -
l1+e

0 tols %2 BALE (hyperbolic tangent; tanh) T4 E W7F 1014 1 Alolo]ed, F2 A
AY Bhe) euF BHE B AL

1710

tanh(z) = 20(22) — 1

O ReLU S &8 97} o Aae Uz &9, 5 Alss 002 283 2% dev)
7&5}1 718717 12 A7) wliol d5EEr) w21, TheFst ReLU 3Hpo) Wy 3




ReLU(z) = max(0, 2)
....................... (41)

(4) AR 7} 5ol mE N5 35 7%

0 ¥ (Input Layer)< 18 srd oz gAEo)glon, g e vloly Jejel dagle] vt

2 T S(layer) 0% SR

O S43(Hidden Layer)& F= Th40] $O% 7451, 24 2952 1H9 == 5 7K. &
Y 59 2 QG Be5E 2ue] BaA) complexity) =7}
o =459 ARt 74
hy=o,(xW'+0b")
hy = oy (z W*+1°)
....................... (42)

U ANE Y
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rlo
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0 =93 (Output Layer)= =45olM @ALE 7= =9, dubA<l
| A, 27 AN ol Ak HEHE =9

o Y3 G5B Mg



(3) A= A1 A% (Deep Neural Network; DNN)Z H#]'d(Deep Learning)

=

O ofe] 79 2HToR 22 Ry AATS onlstr, AT 2H50] 171 o]&to]H shallow

network, 27l ©]%o]™ Deep networkztil %

QS 43 AATS SAVIE Yo, B dnlzt A% TS ATshs R

Q FE0E ARF FAEE AFAIINE Ao HH) EAE B B, 4B
A P ESEE A ) AN G dolHE Ba Gl e Z Folxl
E‘

=
Ae F23a, 1 549 AR Fohbhe 34

(2) =43 (Feedforward) 2} <73 Backpropagation)

<19 31> A St kst S W 9y

INPUT LAYER

OUTPUT LAYER

A OUTPUT

FEEDFOREARD 40)

Gremmrrnsann e BACKPROPAGTION ==sssxssarsrssanssssnsnnanennaanenn.




&

T EAR e

EI7F = AA

] R

)
Zoxg A28 95 2

(3) £2413%=(Loss Function)

oA 7ksx o] Z32 7kl 7}
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O o] 32 W% 7} WAE AFste] drsinalal B tshs W]l RSS(Residual Sum
of Square)E F3F RSS+ ofgfj9} £ 240= 13

RSS =

= AAzke) Hol, lEas: y AH wy, 71&71 wy o vloly x; 7 4. s

o
Iy 2
i

= &8l RSSE A&k wy gk wy s T8h= Slo] HAolu, RSS= ot ¢

SFril(Loss)= H4% e RO WA 9 B 8o] HolHd 24

=
s gelolm, 1 s e 3 Ao] A sl B

O 715 e A% v RS wAR, iR ghe) 224 e HAo) 23e ¢
a2 A AR ke e 23 AIAAS W, EATEE owA Wit 94
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LOSS

LOSS FUNCTION

2. Change the parameter clockwise

<719 33> EAg Eeae) Wi )

LOSS Loss

LOSS FUNCTION LOSS FUNCTION

B
2. Change the parameter counter-clockwise

Y

Winen the different

DERIVA:FI'\/E DERIVA%;\/E
O E& HolHHEE HuEE Tl HA &4 dedks 2e 7 ARE W
"ol = Tote A B2k

O A B

< 71&7] WE|(gradient vector)42)

0 AZ 5o flz,x,y) =2t + a3 TS 1A= Vel <18 11>9] 53 22 )
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<% 50> Anaconda TF-Z & 4 AX

gto] % (Python) =213 42

« https://www_ anaconda.com/products/distribution

‘J ANACONDA Products Breaping Solutanm Smacurtat Byetran Biog Company -

ANACONDA DISTRIBUTION Anaconda Distribution

The world's most popular open-
source Python distribution platform

« OLp2C0HE2]| oY LHE=E 510 23
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Weisfeld, Matt. (2019). The Object—Oriented Thought Process (5th Edition),

Addison—Wesley Professional
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Matthes, Eric. (2019). Python Crash Course: A Hands—On, Project—Based

Introduction to Programming (2nd Edition), No Starch Press
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ANACONDA DISTRIBUTION Anaconda Distribution
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2. 78 ctolB e A (AF)
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pip install tensorflow
pip install keras_tuner
pip install xlwings
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<1%¥ 53> H37] (IDE) A

File Help

) ANACONDA NAVIGATOR

Applications on | base (roo Channels
@ Environments @ a
W Learming
CMD.exe Prompt Datalore
a Community L3R}
Online Data Anatysis Tool with smart

Run s cmd.exe terminal with your current
environment from Navigator activated | coding assistance by JetBrains. Editand run
your Python notebooks in the cloud and

share them with your team.

| Laumen | | Launeh |

QtConsole
A &5
PyQt GUI that supports intine figures,
proper multiline editing with syntax
highlighting, graphical calltips, and more.

PyCharm Professional
w222
A full-fledged IDE by JetBrains for both
Scientific and Web Pythen development..
ANACONDA Supports HTML, JS, and SQL.

Secure your software
supply chain from
the

Launch

[ Launch

Upgrade Now

— A%9-oA Anaconda Navigator

1BM Watson Studio Cloud

1BM Watson Studio Cloud provides you the
tools to analyze and visualize data, to
cleanse and shape date, to create and train

An extensib!

Jupyter

machine learning models. Prepare date and
build models, using open source data
science tools or visual modeling

scientific Pvthon Development
EnviRonment. Powerful Python IDE with

| Launen |

Spyder

515

advanced editing, interactive testing,
debugging and introspection features

Launch |

o
o

and reproducible computing, based on the
human-readable docs while describing the

o o o
-
Jupyter
o=
JupyterLab Notebook Powershell Prompt
7 2 ga8 0.0.1

Run 2 Powershell terminal with your
current environment from Navigator
activated

2

e environment for interactive Web-based, interactive computing

notebook envirenment. Edit and run

Notebook and Architecture.
data analysis.

( Launen | [ Launen | ( Launen |
o o o o

Glueviz Orange 3 RStudio

100 3260 1.1.456
Multidimensional data visualization across. Component based data mining framework. A set of integrated tools designed to help
Files. Explore relationships within and Data visualization and data analysis for you be more productive with R. Includes R

among related datasets. novice and expert. Interactive workFlows essentials and notebooks.
with a large toolbox.
nstall | tnstall | install |

SAahe
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<19 54> HH7|(IDE) )X Spyder

File Edit Search Source Run Debug Consoles Proj Tools View Help

» O QL

% (datetime.datetime.now(), url)) Usage
[\
Here you can get help of ans
front of it, either on the Edif]

Help can also be shown aut

f get_actual_gdp growth(key, start, end): behavior in Preferences > Hd

New to Spyder

Collects a quarterly GDP growth time series and transforms it into monthly frequency.
Once transformed, quarterly value is recorded in the ending month of each quarter.

“key”: access key to the BOK Open API server

“start’: starting date as “String . It must be in the form of ‘YYYYQ' (e.g., 2

EpOCN /1b/ 2000
“end”: ending date as “String . It must be in the form of ‘YYYYQ' (e.g., 202104°) 22
root_mean_squared_er
val root_mean_squared_er
[2022-68-02 14:01:03.247938]: Learn
GDP growth time series in monthly frequency as ~DateFrame I [LPPER 14:01:03'2?938]' i,
the number of factor
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<71% 55> HAZ|(IDE) “IAl: Jupyter Notebook

C @ localhost:8888/notebooks/Desktop/Papers/GDP_Forecasts/Forecast_Model_0711_NABOREQUESTED.ipynb [ORIT=S
 Jupyter Forecast Model_0711_NABOREQUESTED Last Checkpoint: 07/19/2022 (autosaved) A Lo
File Edit View Insert Cell Kernel Widgets Help Not Trusted \ Python 3 (ipykerni
B+ x @B 2 4 | pRin B C W cod v| | E&
Rt S — e ST T —
In [8]

# a function which obtains all monthly variables with additional information {lag, diff, group information)
# ‘start’ and ‘end' must be year—month format
# 'ispadding ' refers to whether fill missing values Ffor quarterly variable

def get_raw_data(key, start, end, IsPad):
os.chdir("C:#HUsersid] pyolttDesk topHHPape rs#HEDP_Forecasts™)
var_list = pd.read_csv('VarList_20220703_NABO.csv')

num_var = var_| ist.shape [0]
varname_set = var_list['VarName'] .to_list(}

# a dictionary which contains the variable's lag structure, seasonality, difference
eHE = 1k

for i, j in zip{varname_set, range(len(varname_set))):
G RIS A e S 1 s 2 1M S0 A e T N CoL e s e T P T
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raw_dals
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Module ForecastModel NABO

Created on Mon Aug 1 10:03:47 2022

This Python module contains essential functions for the short-term GDP growth forecasting of Korea. For
the seasonal adjustment of variables, the module uses the U.S. Census Bureau's X-13ARIMA-SEATS
library. So users are required to obtain the library to run transform() function in the module.

@author: Dong-Jin Pyo & Deung-Yong Heo

Functions

def build_gru_model(hp)

Description:

Generates a generic GRU model for hyperparmeters tuning.

Args:

hp : hyperparameter space, which is a HyperParameter object

Returns:

a generic GRU model, which is a tensorflow.keras.Sequential object.

def build_lstm_model(hp)

Description:

Generates a generic LSTM model for hyperparmeters tuning.

Args:

hp : hyperparameter space, which is a HyperParameter obejct

Returns:

a generic LSTM model, which is a tensorflow.keras.Sequential object.

def create_timestep_data(data, timestep)

Description:

Generates a 3-dimensional dataset. This is an auxiliary function for get_new_instance() .



Args:
data : dataset to consider

timestep : timestep

Returns:

NumPy object of feature variables with timestep.

Functions that use this function in the module:

get_new_instance()

def df_model(data, dic, num_factor, path)

Description:

Constructs a dynamic factor model and fits the model to the given data. This function is based on
Python's statmmodels.statespace.dynamic_factor_mq library. For the details of this library,

see the following:

https://www.statsmodels.org/devel/generated/statsmodels.tsa.statespace.dynamic_factor_mg.Dyna

micFactorMQ.html
(https://www.statsmodels.org/devel/generated/statsmodels.tsa.statespace.dynamic_factor_mqg.DynamicFactor

MQ.html)

Args:

data : dataset upon which the dynamic factor model is built
dic: Dictionary object which contains variables' information
num_factor : the number of common factors in the model

path : directory path of where the variable list file is located, as String. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts

Returns:

DynamicFactorMQ object for the given dataset.

Functions which use this function in the module:

fill missing()

def fill_missing(data, dic, path)

Description:

Fills missing values in the dataset with the DFM's predictions.

Args:


https://www.statsmodels.org/devel/generated/statsmodels.tsa.statespace.dynamic_factor_mq.DynamicFactorMQ.html

data : dataset to be filled

dic: Dictionary object which contains variables' information on factor groups

path : directory path of where the variable list file is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts

Returns:

filled dataset as DataFrame type.

def get_actual_gdp_growth(key, start, end)

Description:

Collects a quarterly GDP growth time series and transforms it into monthly frequency. Once
transformed, all monthly entries in the series are filled with the growth rate of the corresponding

quarter.

Args:
key : access key to the BOK Open API server
start : starting date, as String. It must be in the form of 'YYYYQN' (e.g.,'2001Q1")

end : ending date, as String. It must be in the form of 'YYYYQN' (e.g., '2021Q4")

Returns:

GDP growth time series in monthly frequency, as DateFrame .

def get_factor_num(data)

Description:

Calculates the optimal number of common factors among variables via PCA (Principal Component
Analysis). Kaiser (1960) criterion is used to determine the appropriate number of common factors.

Args:

data: dataset to be analyzed, as DataFrame

Returns:

The number of common factors, as Int type.

Functions that use this function in the module:

df_model()

def get_individual_var(key, start, end, stat_code, item_codel, item_code2, freq)



Description:

Collects an individual feature variable. For the details of stat codes and item codes, refer to the
BOK's APl documentation:

https://ecos.bok.or.kr/api/#/DevGuide/StatisticalCodeSearch
(https://ecos.bok.or.kr/api/#/DevGuide/StatisticalCodeSearch)

Note that the Open API service is not available for the nowcasting-related variables used in
Appendix 2. Thus, you need to manually download the data from the following link and merge

them with an existing dataset:

https://data.kostat.go.kr/nowcast/main.do (https://data.kostat.go.kr/nowcast/main.do)

Args:

key : access key to the BOK Open API Server

start : starting date, as String. It must be in the form of 'YYYYMM' (e.g.,'200101")
end : ending date, as String. It must be in the form of 'YYYYMM' (e.g.,'202001")
stat_code: stat code, as String

item_codel:item code 1, as String

item_code2:item code 2, as String

freq: data frequency (e.g., 'Q’, 'M’)

Returns:

individual variable time series as DataFrame type.

Functions that use this function in the module:

get_raw_data()

def get_new_instance(start_m, end_m, timestep, dic, step, path, s_path)

Description:

Generates a new instance of feature variables to make a prediction. The unseen future values of
feature variables are generated by the pre-specified DFM model.

Args:

start_m: starting date of the training dataset. It must be in the form of 'YYYYMM' (e.g.,'200101")
end_m: current date at the time of forecasting. It must be in the form of 'YYYYMM' (e.g.,'200101")
timestep : timestep

dic: Dictionary object which contains variables' related information

step : forecasting horizon as Int type (this must be a nonnegative integer)


https://ecos.bok.or.kr/api/#/DevGuide/StatisticalCodeSearch
https://data.kostat.go.kr/nowcast/main.do

e step = n: n-quarter ahead forecasting horizon

path : directory path of where the variable list file is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts

s_path : directory path of where X-13ARIMA-SEATS library is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts\x13as

Returns:

NumPy object of feature variables with the timestep structure.

def get_optimal_hyperparam(start_m, end_m, timestep, tuner, path, s_path)

Description:

Conducts grid search for hyperparameters of neural networks. This function is based on
tensorflow's keras_tuner class. For the details of keras_tuner, refer to the following:

https://keras.io/keras_tuner/ (https://keras.io/keras_tunery/)

Once you find the optimal hyperparameters, you can build the model with the given tuner and the
tuned hyperparameters by running, for example,

model = tuner.hypermodel.build(best _hps)

Args:

start_m: start date of a vintage dataset. It must be in the form of 'YYYYMM' (e.g.,'200101")
end_m: end date of a vintage dataset. It must be in the form of 'YYYYMM' (e.g.,'201201")
timestep : timestep

tuner: keras_tuner object for a specific model

path : directory path of where the variable list file is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts

s_path : directory path of where X-13ARIMA-SEATS library is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts\x13as

Returns:

HyperParameter object which contains the best hyperparameters for the given model and the
data.

def get_raw_data(key, start, end, IsPad, path)

Description:

Collects a raw dataset that contains the requested variables in monthly frequency. Running this
function automatically generates 'raw_data.csv' file in your currently working directory.


https://keras.io/keras_tuner/

Args:

key : access key to the BOK Open API

start : starting date as String. It must be in the form of 'YYYYMM' (e.g.,'200101")
end : ending date as String. It must be in the form of 'YYYYMM' (e.g.,'201201")

IsPad : Refers to whether you want to fill missing values of the quarterly variable for monthly
entries: (1) 1: to fill missing values with quarterly values for monthly entries. (2) 0: not to fill missing
values with quarterly values for monthly entries.

path : directory path where the variable list file is stored, as String. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts

Returns:

A raw dataset which contains requested variables as DataFrame type.

def get_request_url(url)

Description:

Receives a response object from the BOK's server when given a proper url.

Args:

url: URL address to a specific Open API server, as String.

Returns:

JSON object that contains requested information.

Functions which use this function in the module:

get_actual_gdp_growth(), get _individual_var()

def get_training_data(data, target, timestep)

Description:

Generate a training dataset.

Args:
data: feature data
target : a target variable

timestep : timestep

Returns:



e training data of feature variables: 3-dimensional NumPy array (dimension = (sample_number,
timestep, feature_number))

e training data of a target variable

def get_vintage_data(start_vintage, end_vintage, path)

Description:

Collects a vintage dataset and other additional information of variables (publication lag, whether to
difference series, factor group information). To run this function, you need to have a 'raw_data.csv'
file in your local drive.

Args:

start_vintage : starting date of a vintage dataset as String. It must be in the form of 'YYYYMM'
(e.g.,'200101")

end_vintage : ending date of a vintage dataset as String. It must be in the form of 'YYYYMM'
(e.g.'200101")

path : directory path where both the variable list file and the raw data file are stored, as String.
For example, C:\Users\djpyo\Desktop\Papers\GDP_Forecasts

Returns:
e vintage dataset for the periods you've specified as DataFrame type
e Dictionary object which contains the additional information (i.e., lag, difference,

seasonality, factor group) of variables

Functions that use this function in the module:

transform(), get _new_instance()

def make_prediction(start_m, end_m, timestep, step, path, s_path)

Description:

Makes predictions for step-ahead GDP growth

Args:
start_m: start date of a vintage dataset. It must be in the form of 'YYYYMM' (e.g.,'200101")
end_m : end date of a vintage dataset. It must be in the form of 'YYYYMM' (e.g.,'201201")
timestep : timestep
step : forecasting horizon (this must be a nonnegative integer)

e 0: for the current quarter

e 1. 1-quarter ahead



e and so on...

path : directory path of where the variable list file is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts

s_path : directory path of where X-13ARIMA-SEATS library is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts\x13as

Returns:

e LSTM model's prediction

e GRU model's prediction

def train_gru_network(X, y, timestep)

Description:

Constructs a GRU network model and fits it to the given data.
In the training process, L2 regularization for kernel and recurrent is applied. For the details of the
GRU layer implementation, see the following:

https://www.tensorflow.org/api_docs/python/tf/keras/layers/GRU
(https://www.tensorflow.org/api_docs/python/tf/keras/layers/GRU)

Note that, in neural network training, batch size refers to the number of training samples before the
model’s internal parameters are updated, while the number of epochs refers to the number of
complete passes through the training dataset.

Args:
X : training data of feature variables
y : training data of a target variable

timestep : timestep

Returns:

a pre-trained GRU model, which is a tensorflow.keras.Sequential object.

def train_network(X, y, timestep)

Description:

Constructs a LSTM network model and fits it to the given data.
In the training process, L2 regularization for kernel and recurrent is applied. For the details of the
LSTM layer implementation, see the following:

https://www.tensorflow.org/api_docs/python/tf/keras/layers/LSTM
(https://www.tensorflow.org/api_docs/python/tf/keras/layers/LSTM)


https://www.tensorflow.org/api_docs/python/tf/keras/layers/GRU
https://www.tensorflow.org/api_docs/python/tf/keras/layers/LSTM

Note that, in neural network training, batch size refers to the number of training samples before the
model’s internal parameters are updated, while the number of epochs refers to the number of

complete passes through the training dataset.

Args:
X : training data of feature variables
y : training data of a target variable

timestep : timestep

Returns:

a pre-trained LSTM model, which is a tensorflow.keras.Sequential object.

def transform(vintage_data, dic, path, s_path)

Description:

Transforms a raw dataset into stationary and seasonally-adjusted series. For the seasonal
adjustment, this function uses the U.S. Census Bureau's X-13ARIMA-SEATS Seasonal Adjustment

Program library. Users are required to install the library before running it.

Args:
vintage_data: DateFrame object which contains variables

dic: Dictionary object which contains the variables' lag structure, seasonality, stationary and

group information

path : directory path of where the variable list file is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts

s_path : directory path of where X-13ARIMA-SEATS library is located. For example,
C:\Users\djpyo\Desktop\Papers\GDP_Forecasts\x13as

Returns:

DataFrame object of the transformed dataset.
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