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| N-BEATS

Problem Description

» Empirically demonstrate that pure DL using no time-series specific
 Univariate point forecasting problem in discrete time. components outperforms well-established statistical approaches on
M3, M4 and TOURISM datasets
 Task is to predict the vector of length-H forecast future values by given

. ) » Feasible to design an architecture with interpretable outputs that can
length-T observed series history J b P

be used as traditional decomposition techniques

Lookback Period Forecast Period
Horizon nH (here n=3) _ Horizon H .

[Y; ~Y7] = Yre1 ~ YT+H]

A

Model Structure

Stack Input Lookback window Global forecast
(model input) (model output)
C—
A deep neural architecture based on backward and forward residual links Block Inpt Block 1
and a very deep stack of fully-connected layers. Stack 1

+ Basic building block FC Stack
Multi-layer Full connected network with RELU nonlinearities (¢4 layers)
Predict Basis expansion coefficients both forward 6/, backward 6

Stack 2

Stack

forecast
« Doubly residual stacking FC J [ FC
Blocks are organized into stacks using doubly residual stacking principle. oy g
Forecasts are aggregated in hierarchical fashion. [gb(f)b) J [ FACA )]
\ Y Q /
Backcast Forecast Stack residual
l (to next stack)
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IOperation of Basic |-th block

Input & Output

Basic building block2 Input x;,2 &3l output %; , 7 vector g2t

A 4

| Block Input }

( ) - =R AF U
Y « % : back casting Z1}
W EF2| input2 real data, LIHA| EE552| input2 0| 5552 residual output
FC Stack
(4 layers)
i 2 Parts of Block
' W « First part : forward 6/ and the backward #? (predictors of expansion coefficients) & 4/ d35t= Fully connect
( ' Y [ ’ 3 network
FC FC « Second part: 6/, 9P E 2O} basis functions g/, g? 2t &5t backcast £, 1t forecast 7, & d4-d
\ >, o v,
0 & v 0
) ' ; Y [ P ' 1 The operation of the Ith block
9 9 im(6/ im
L J ( ) ) | J ( ) ) hy; =FCy(x¢), hyo=FCialhyy), hy3=FCis(hsa), hys=FCra(hes). g d f”)afvf < dgf)e,, "
. L= (AME £ = Vi
(N l l J 67 = LINEAR] (hy ), 6] = LINEAR! (hy ). i=1 =1
Backcast Forecast

Forward expansion coefficient ultimate goal

— basis vector g, & HE9| 0] 0|5 vo| ==& &S

v

Backward expansion coefficient ultimate goal

— 0| F0f| =20| &|X|] = input componentE X738}l downstream block?| forecast == 3/18
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IDOUBLY RESIDUAL STACKING

X b « The classical residual network architecture adds the input of the stack of layers to its output before
weight layer passing the result to the next stack (He et al., 2016)
F(x) Jrelu « The DenseNet architecture proposed by Huang et al. (2017) extends this principle by introducing
: X extra connections from the output of each stack to the input of every other stack that follows it.
weight layer identity

« training &0 e&SHX| T difficult to interpret

relu

Stack Input Lookback window Global forecast
(model input) (model output)

( Y
Block 1 : -- _ ' _
ne £ 7t3.
‘ Stack 1 Z=719] residual branchesE 7}
I » Backcast prediction of each layer

Hierarchical doubly residual topology

Y
Y » Forecast branch of each layer
‘ e X=X 1—X1, Y=Y 5
| Stack l !
forecast - L2 2550 CHolf backcast residual branch x,2 =Xt& 0l #A2 Soff A4t
l - 42| & output2 partial forecast of y7} E[0]. Stack levelOi| A A |2 CHA| MK HEK/Z £
‘ =AM EAE
‘ Stack M * The final forecast y is the sum of all partial forecasts.

*  gp gr(basis function)E stack”|2| S5 Th= SZot §E0M =, meaningful partial forecastsS
A BCHE HO| A interpretabilityE M&E 5 UCH FH

-

Stack residual
(to next stack)
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I INTERPRETABILITY

Generic Architecture

Basis function= O|7 layer out?| linear projection@ = 47

ve=V,0/ +b), X

=

Lockback Pariog Forecas! Paripg
Lookback window Hortzen n#H (hore n«d) Horizon H
(moded input) Lookback window ) Global forecast
1 (model input) (mode input)
Trend Block 1 Trend
forecast
i 3
i
: Stack residual
Trend Block X {to next stack)
.
_.@
1
e
Seamonal
Seasonal Block 11 _|fovecas Seasonal
_.Q Stack
i .
Seasonal Block X
3 —
|

=V)62 +1bl.
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Inductive biases

design the trend and seasonality decomposition into the
model to make the stack outputs more easily interpretable

Z2|0of 28 28510 basis functiong F7|et+2 DHE
|H /2|~
o .
Uy = E 6‘3 0 €08(27t) + 0, .|y )y SIn(27L),
1=

MK ZE#-2 Trend stackdt seasonality stack2 7HX| A | Of
mterpretable NIk

Table 1: Performance on the M4, M3, TOURISM test sets, aggregated over each dataset. Evaluation
metrics are specified for each dataset; lower values are better. The number of time series in each
dataset is provided in brackets.

M4 Average (100,000) M3 Average (3.003) | TOURISM Average (1,311)
SMAPE OWA SMAPE | MAPE
Pure ML 12.894 0915 | CombS-H-D 13.52 | ETS 20.88
Statistical 11.986 0.861 | ForecastPro 13.19 | Theta 20.88
ProLogistica 11.845 0.841 | Theta 13.01 | ForePro 19.84
ML/TS combination 11.720 0.838 | DOTM 12.90 | Stratometrics 19.52
DL/TS hybrid 11.374 0.821 | EXP 12.71 | LeeCBaker 19.35
N-BEATS-G 11.168 0.797 12.47
N-BEATS-I 11.174  0.798 12.43 18.97
N-BEATS-1+G II!!!S 0.795 lZ.éZl ' 18.52
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| N-BEATSx

« NBEATSx= S7HC| stackdt B7H2| block2 2 T+ &.
 NBEATS= 0| =8 I8l backcast 7|ZH0]l 3 Edt= C|O|E{ 2t input2 2 AL

« NBEATSx= 2|l H2E FIIZ2 input2 2 A5l longer time dependenciesE BT = QT E H3t
2 .
N \J.f“‘ ~\\Jf*“-.mﬁ\q| MNon .(\“"
: \.AJI \"I "'.Ihll.l \\"
. Model Input Stack Input Block Input
Backcast Period Forecast Period (yPe*, X) back X 1) 5% X 1)
B - Stack 1
FC Stack
% v Stack i
3 - Stack 2 Jﬂg."\
- I‘II"I.
2 | -
% - Stack S ! !
g ! Forecast Backcast
> yor fback
b F.i‘-b‘
lobal Forecast tack Residual
(model output) (to next sktack}
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I Introducing NBEATSx to realized volatility forecasting

Yang & Zhang's realized volatility

N-BEATSXS 0|23 S o=8m, o Hs
Stz mYsatHm

RV, =Yang & Zhang's realized volatility at time t

RV, = \/02 ko2 + (1 — k)o? 2 -
; 0, +kog, + ( )O%s, o;=0pening price at time t

1. LSTM N 0 =opening price mean

2. TCN where, c; =close price at time t

3. O[ZX Xt7|2[F{(HAR 2 & ¢ = close Erice mean

4.  Etet X7l =HF O|F4HGARCH(p,q) 2 &, ER. i(o _3) o%s, =Rogers, Satchell, and Yoon (1994) variance
5. Glosten-Jagannathan-Runkle GARCH(GJR- GARCH(p,o,q)) ool O n—1 4 : estimation.

k =parameter

] T
R -7 Yang & Zhang empirical research indicates that
Data i h— 2((‘; 2 9 g empir _ 0.34

the best k value is given as: k = ——

1'34+E

DEE AEY REO| Y 8 B2 VIX X|4(Cboe Volatility
Index) AtE

+ Independent of the drift(?|Ci=2 &0 &)
FQ HojEAl . . : . HS
. S&P 500, DJIA, NASDAQ Z=7}X|<0| Q& Als| Ry « Unbiased in the continuous limit (A|ZtZFZ3 101 2HA Q10| HEkX)
» (2000 12 12~ 2023 33 302 | 58477H ) « Consistent in dealing with opening price jumps
Robust testE /3 « ZLhof] OHLCEH ZR
« STOXX50E, IBOVESPA, S&P BSE SENSEX2| & RV

(STOXX50ES| 2007 43 2L FH 2023 43 30 |40317H)
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| Realized volatility proxy

stochastic gradient descent optimizer algorithm2| £
S 2 QI3} random seed”| H2t0] [}2} forecast
accuracy M3}

fujo

2{St= CHAl 15702 EE22 =S CLT
A

Neural network model

15 trials are performed for each model, and the mean
and standard deviation of RMSE, MA, and QLIKE are
computed to compare the forecasting performance.

Confidence Intervals (Cl) of 95 % are estimated for
comparison against the models
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Statistical tests

M
i}
b

1o

2

%

ox

ot

H

AN/

FSANMSZE 7o|0|SHA Cf
=X o2& EHSH7| 25

 Diebold-Mariano(DM) HAE
- Mann-Whitney UMW) HIAE
« T-HZE

st molo| Cl2 REHC EAXMSZ o Robust
forecastE M &ol= {2 E THEHSHY| 25|

- F-HI2E

3 Robust tests
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ITest's info

DM Test

T REo 0= 27t SANMLZ 7ol0|5HA CHEXS EHE
DleboIdEEf Mariano(1995)0f 2|3l X|@tE[RIL1, O|= Harvey, Leybourne, 2|1
Newbold(1997)0j 9|6H A|74|% O|EMS NSl E AXE

- #F 7H (Ho)

dE F EE*'OI Ol = Aol SAH{ 2= w2|ojet Xto]7t Bt

= =
aojEl & 229 0|F Molof SAX2=Z woldjet Xto|7F QALY

DM HAEE LEY RS Hudte O e o= AAEEX|T, 25X A
oSt Eo| AFE2 = Qlot =gl BE Oj7giet o5 J2tko| & 145X &
2. 5 25N dAotZ el FAe( g0 oot MEY 22| Robust 7t =7t

Mann-Whitney U (MW) HIAE, T-HA

RMSE, MA, QLIKE & Z1tE AREotY 188 29| 7f%§ == Ho of
of HAES T, 2} &= AO|o|0= d5 B0 SAH2Z woldjgt A0

Nk
7t A=RE 478
[ )
=8 22 Yol o= g5 Ex AO|0] SAH2E w7

woldlet x+0] 7t SiEt.

= =
58 22 Yol o= g5 Ex AO|0] SAH2=Z wofd|gh At0| 7 ULt

2ge|A3 2 _Tl_‘al- Al

Financial Risk Engineering

« HF 7hE HO: 22 8 ZF o5 =9 2440 SANMLZ wol0|et X0]
7t ALt

. EHE} 7t2 H1): 228 2 0|5 d=tzof Z40 SAXH2 =2 720l Xto]
7t QUEF
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| Main sample results

Table 3
Hyperparameters Search Space.

Table 4
Optimal Hyper parameters.

Hyperparameters Neural Networks
NBEATSx LSTM TCN
Number of Lags [21, 63, 84, 126, 189, [21, 63, 84, [21, 63, 84, 126,
252] 126, 189, 189, 252]
252]
Scaler Type [robust, standard, [robust, [robust, standard,
minmax] standard, minmax]
minmax]
Number of Epochs [100, 150, 200] [1,3,5,7, [1.3,5,7,10,15]
10, 15]
Number of Neurons - [14, 42, 56, -
84, 126,
168]
Dropout Rate [0, 0.2, 0.4] [0, 0.2, 0.4] [0, 0.2, 0.4]
Loss Functions [MSE, MAE, MQLoss, [MSE, MAE, [MSE, MAE, Huber
Student T Distribution Huber Loss] Loss]

Loss]
Kernel Size -
Dilations -

Number of units of
each hidden layer

[[[712, 712], [712,
71211, [[512, 512],
[512, 512]], [[250,
2507, [250, 25011,
[[100, 100], [100,
1001]]
[[identity, identity,
exogenous], [identity,
trend, exogenous],
[identity, seasonality,
exogenous], [trend,
seasonality,
exogenous]]
Number of [0, 1]

Harmonics
Number of [0, 1]

Polynomials

Stack Types

[2, 3, 4, 6]

(1, 2,15, 11, 2, 2,
11,11, 2, 4,11, [1,
2,2,2,1]1,[1,2,4,
2,11, 11, 2,4, 4,
111

Models Hyperparameiers
S&P 500 MASDALY DJIA

MEEATSx  Mumber of lags: 21 Number af lags: 21 Murmnber of lags: 21
Sealer Type: minmax  Scaler Type: minmax  Scaler Type: minmax
Stack Types: Stack Types: Srack Types:
[tdenticy, ldentity] [Identity, ldentity] [1dentity, Identity)
Mumber of wnits of Number af units af Murnber of units of
each hidden layer: each hidden layer: each hidden layer:
[[51%, 512, [512, [[512, 512], [512, [[512, 51%], [512,
512]] 512]] 51211
Dropout Rare: O Dropout Rane: 0 Dropout Rate:
Loas Fumclion: Loss Function: Lass Function:
M}Lass MiJLoss W Lisss
Mumber of epochs: Number of epochs: Nurmnber of epochs:
150 20 L]

TCH Mumber of lags: 126 Number af lags: 165 Murmber of lags: 84
Sealer Type: minmax  Scaler Type: minmax  Scaler Type: minmax
Kernel size: 4 Kernel size: 3 Kernel size: 6
Dilagions: [1, 2,2, 2,  Diladons: [1, 2,4, 2,  Dilatiens: [1, 2, 4, 1]
1] 1]
Dropout Rare: 0.2 Dropout Rate: 0.2 Drogout Rate: (.2
Logs Function: Huber  Loss Function: Hulber Logs Function: MAE
Laoss Loss
Mumber of epochs: Mumber of epocha: 3 Murmber of epochs:
15 10

LETM Mumber of lags: 184 Mumbser af lags: 21 Murmber of lags: 126

Sealer Type: minma
Mumber of Newrons:
56

Diropout Rate: 0
Lods Funciion: MSE

Mumber of epochs: 7

Sealer Type: minmax
Number of Neurons:
168

Dropout Rate: 0
Lisss Function: Huber
Loss

Number of epochs: 7

Sealer Type: minmax
Murnber of Neurons:
126

Drogout Rate:
Lags Funetion: MSE

Murnber of epochs: 7

=88lA3 o A7
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AU DY 2 F4 X|0f o) 2K o of
2 ZAYsto| 9lof A E SHO|HI2HD)
2 370 2t 20| Chof M E AE

Slo|Hut2to|Ef AMO| Tensorflow Keras
Python 2t0|E 2|2} T4 GPUE AtESH
LSTM % TCNS| A2 Ea 147t 302 &8

NBEATSx= Nixtla Neuralforecast Python 2f
O|E2{2|2t T4 GPUE At8dl Ha 158
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Table 5
Main Sample Results.
Error Messures MBEATSx TON LSTM HAR GARCH(LL)  GIRGARCH(1.1,1)
S&P 500
RMSE -1 0.246% <X <0.253%  OME% X c0I80%  DII5W-X < 0264%  0365% 0205 0,295 %
3 0.245 % < X < 0.258 % SN < 0292 % D257 W< X < 0283 b 0,308 %
5 0.261 % < X < 0.277 % S X< 006 % 0375 W< X - 1 0300 % 0,315 % '
To 10 U281 WX Z0.300% G0 C K- 0031 W DoOE o NS Oa T Ooun o 0.a16 T T T Results
H-22 O033%<X<0.343%  036%<X<0380% 037 %o X<0384% 0362%  DIRZW 0,353 %
MA o1 6378 % = N <6537 %  5034% <X < 6639 GOGT % < X < FOO06%  GOT0%  SORTN 59,63 5
E 62.86 % < X < 65.43 % P X -
ssuixiesy  wan s . « B/ 0Z(H=32H=5)
c X £ X = . E £
H 4376 % < X < 50.79 % IWET W < X < 61L.ET 46.00 % 56.86 % MA RMSE E’cl QL|KEO-|| EH 'c')'H _75_' N 7%, 8% 94 23% L_:l LI-% I'
QLIKE B.38% <X <1359 % :
15.14 % 1139 %
. Y T : I E §H=105'<'H 22)°| &
H 22 1617 % < X < 17.57 % 16.25 % < X < 19.07 % 1202 % < X < .32 % 1802 %  2L95% 25,953 % S
MA, RMSE % QLIKEO]| CHal |4 7. 5/0, 7.5% % 10% O L= Zat
NASDAG
RMSE Hel 0I6% <X <0357%  0ITH<X<0396% 0 0A10%SN<0403% 0365 N 042N 0423 %
H=13 0IBWH N <034 % 0I6AWH <X <0IEH 0 0I5 NS OAdd%  DIASH 0440 0426 %
H=5 039 %X <0351%  0I76% < X< 0415%  DAZ6% = N 0463% 0399% 0437 % 0436 %
H-10 O36B%<X<0.383%  G409% < X< 0426%  0373% <X <0488%  0415%  0.439% 0.437 %
He?22 O04M%B<X<0417%  0449% <X <0505%  0413% <X <0546%  0463% 0451 % 0483 % Robust forecast
MA Hel 61.29% <X < 60.07%  58.89% <X < 67.63%  4ED0% < X< TIES%  SO26% 5676 % 56,46 %
H-13 63.40% <X <6533%  53.95% < X< 658TH  AZ09% <N <TLIT% 5671 54.01% 56.13 %
H=5 6I65% <X <6559%  49.70% <X < 6336%  B66L %S N<TIO0S%  S498%  SR.07 % 55.32 % « LC}7 | O:" =
H-10 6lE9%<X=<6348%  SL10% <X <5742%  3586% <X <6535%  5300%  S6.65% 55.56 % = 1 N
He 2z 5732 % < X < 59.52 % 42.25 % < X < 56.49 % 34,58 % < X < 61.00 % 47.93 % 5711 % 57.41 % MA’ RMSE E‘é QL|KEO-” I:H oH 7_||‘7_||' 50%’ 50% , 30%
QLIKE Hel 9.53% < X £ 10.69% 875% < X < 11.62% 6.38 5 < X < 14.94 % 981 % 14,80 % 14,60 %
H-13 BTI N <X <0274 957% < X <1319 % 649 5 < X < 17.72 % 10.70 % 16.45 % 14.97 % . % 7 | O:” é
H=5 8.79% < X £ 9.51 % 1058 % < X < 1498 %  5.65% < X < 20.86 % 1126 % 15.46 ¥ 14.91 5% al T o o o
H-10 10.24 % < X < 11.81 % 12.94% = X < 15.11 % 9.24 % < X < 21.25 % 12.45 % 17.40 % 16.26 % MA’ RMSE > QL|KEO'|| EH oH va gra 69 A)’ 40% , 72%
=22 1413 % < X < 15.30 % 14.65 % < X < 19.33 % 1230 b £ X < F263% 1636 %  26.76 % 27.99 % Xt e
¢ o | 0:” =
D14 al 0-” H"'H Z+Z¢ 7:|A o) o) o)
RMSE Hel 02BN <0.251%  0BS% < X< 0264% 0 D2 %< N 0ITE%  0263%  0.290% 0.291 % MA: RMSE = QLlKE Ljo B B 84 A): 43% ' 51% Robust
H-13 0.25% <X < 0.242%  055% < X< 0272H  O246% < N < 0252% 0279%  0302% 0.305 %
H=5 024Z% X <0.251%  O0M5% <X <0290%  0I56%<N<0305%  0293%  0311% 0312 %
H-10 0264 %<X<0.282%  0Z3%<X<0310% 0267 %< X<0309%  0307%  0.306% 0.307 %
He22 035%<X<0328%  O3M9%<X<0373%  0315%<X<0382%  0363% D356 0.351 %
MA Hel 6351 W<X<66.56%  6L41% <X < 677Z%  GLABW - N<TRO0S% LSO  GO56Y 60,29 % H
H=13 65.60% <X < 67.69%  58.45% < X< 6587H  GLO0% < N < TOTR%  SASEM  50.04% 5813 % Exceptlons
H=5 64.2B% <X <66.88%  5688% <X < 6521%  ATEIW <N <6837% 5673 SEIDN 57.55 %
H-10 _ 6l6d4%<X<6480%  5325% < X< 6210%  SLEI% < X< 6342%  5458% 5001 % 5813 % = o o A L
Heas 45.77 % < X < 6476 % 542 8 < X < 64.55% 46,86 % 57.21 % |I_H|_I-&||OJ 7E=|_T_| = _TI_E:‘Cé!' [[H H 220-” I:Hol- GARCH [=Rs] | EFIHE! _I__I_gEEI-t
QLIKE Hel B.00% < X £ 9.40 4% 8.41% < X < 10,21 % 538 % < X< 15335 .00 % TZAZ % 12.35 %
H-13 7.70% < X £ B.26% 917% < X < 11.55 % 7.25 % < X < 1388 % 10.20 % 15,63 % 13,66 % l?.l!‘.?.lg [[H_E_OEI 7}%8 O| l:-':t;%
H=5 B.00% <X £ 873 % 976% < X < 12,28 % B.65 % < X < 15.35 % 1108 % 14.45 % 14.12 %
H-10 960%<X<10.71% 1129 % < X < 14.21 % 1150 % < X < 13.97 % 1227 % 16.06 % 15.27 %
H - 22 14.44 % < X < 15.72 % 12.65% = X < 17.73 % 1144 % < X < F1.40% 1773% M5B % 27.90 %

The columne “‘NBEATSx", 'TCN', and “LSTM’ contain 95% Confidence [ntervals {CI) of the error measures results while the columns ‘HAR', ‘GARCH(1,1)', “GJR-GARCH
{1,1,1)° the deterministic error measures resulis estimated through Ordinary Least Squares (OLS) for ‘HAR" and Maximum Likelihood Estimation (MLE) for ‘GARCH
(1,1 and “GJR-GARCH({1,1,17".
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| Main sample results

Table 6
Statistic Tests Results.

Tests NBEATSxvs __LSTM TCN HAR GARCH(1,1) GJR GARCH(1,1,1)
DM tests H=1 ) H** Hi* Hi* H**
MW tests H,*
e . 79| BE FIIX|4=9t HOl| CHaH CHE L9 B AEO]|A
H=3 o H H Ho HOZ} 7|12t |0 NBEATSxS| SEH= =0l
|||¥'_
- H = 10| A= NBEATSxQ} LSTM Zt2| XtO|7} offH
H=5 o e 0 0 ZHX| =0 M = 7| 22| K| 40t "=t XHO|7f QICtD
H,™ ot 4= QUX|D F-testE Sl SAHXE2E O RobustSt
™ D2 O{F5] NBEATSXS 2
H=10 H,™ H,* H," H,™ N
e | | | NBEATSxE [H2 RE RHECt SA Moz O e
Hl: St robust
H=22 H,™ H,™* H™ H,"*
|||*'
H|*_

*: S&P 500, ~: NASDAQ, ™: DJIA.
Hy means that the null hypothesis is not rejected considering the p-value threshold of 0.01, whereas H; means that the null hypothesis is rejected considering the p-
value threshold of 0.01.
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| Robustness test

Robustness test Result
Robustness test

o A W) X F HM (i) testO| ] NBEATSxS| L E M2 EAH
(i) Chel 28 ME 37| HE ez °°|”|
(i) AT DEof AFRIOlE OE BAZ X7} e (iii)0llA] NBEATSx7} STOXX50EE AHEEH I OfT3| CtE 2
== s/t
=1 X X|oio| =Al
(i CHE A[2|8 X[Ho| =4 (i) 04| IBOVESPAS} S&P BSE SENSEX JH &= AT 0| & Z74x]

A2 ARSI o= MEtE =00 A LSTMIF HAR 22 0j H]
8l LA0| LIEFLEX| Q1 Robust ZHO|AM = FHO{
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| Robustness test- Alternative training set size

Table 7
Alternative Training Set Size Results.
Eror Measures NBEATSx TN LST™M HAR GARCH(LI)  GJR-GARCH(1,11)
S&P 500
RMSE H=1  0249%<X<0262% 0258%<X<0277% 0246%<X<0286%  0267%  0299% 0.298%
H=3  0.248%<X<0262% 0.273%<X<0291%  0384%  0316% 0.312%
H=5  0.265%<XZ0280% 0280%<X<0302%  0301%  0323% 0.322%
H=10  0292%£X20302% 0206%<X<0320%  0311%  0319% 0.318%
H=22  0335%<X20343% 0320%<X<0352%  0360%  0353% 0.354% Table B
MA H=1  6l31%<XZ6468% 5206%<X<69.12%  60.20%  5018% 59.17% Statistic Tests Results.
H=3  G6l86%<X<6440%  4524%<X<7037%  S268%<X<G6561%  57.33%  56.63% 57.00%
H=5  6000%<X<6270%  4822%<X<6205%  S031%<X<6484%  5525%  5551% 55.28% — — — — - -
H=10 5816%<X<6049% 976%  4749% <X<6313%  5327%  5510% 54.58% 'ests NBEAT LSTM I'CN HAR GARCH(L1) GJRGARCH(L1,1)
H=22  5070%<X<5239% SX45733%  M89%<X<6014%  4648%  56.67% 56.60 % DM tests H=1 H- H," H, H,
QLIKE H=1  905%<X<1033%  B80%<X<IL67%  7.38%<X<1358% 9.23% 1321% 12.99% .
H=3 B.63% £X<10.14% 7.22% < X < 16.98 % 10.56 % 14.71 % 14.20% MW tests H,
H=5  943%<X<1L08% 143%  1469% 1427% T-tests Hy
H=10 1203%£X213.25% 1120%<X<1633%  1279% 1638 % 15.72% —— L2 L=
H=22  1685%£X£17.52% 1286% <X<17.95%  17.92% 2286 % 25.94% T T 0 T T
T o H=3 Hy ™ H,™ H™ Hy ™ Hy
NASDAQ H . o
RMSE H=1  0358%< 0.349% < X< 0486%  03IHEXL0356%  0364%  0428% 0.420% Hi H
H=3  0343%<X<0352% 0369%<X<0484% O0M7%H<X<0384%  0384%  0460% 0.436% " -
H=5  0347%<X<0357% 0371%<X<0491%  0362%<X<0410%  0398%  0.449% 0.450% H=s H™ H H™ H
H=10 0374%<X<0385% 0412%<X<0476%  036%<X<0449%  0413%  0450% 0.451% ..
H=22  0427%<X<0439%  0450%<X<0499%  0433% <X <0489%  0450%  0.484% 0.488% Hi™
MA H=1  5094%<X<6238% 5333%<X<67.33% ST79%<X<6934%  5041%  5590% 55.74% H;™
H=3  6298%<X<6483% 57.16%<X<6410%  52O8%<X<70.07%  5694% 5227 % 54.87% ot
H=5  6306%<X<6485% 5613%<X<6340%  4704% <X <6743%  5536%  5401% 5350% — o = —
H=10 6l77%<X<63.00%  5270%<X<6016%  4420%<X<G6395%  5350%  54.00% 53.06% H=10 Hi~ Hi Hy~ H
H=22 SLIO% < X<57.64%  4230% <X<6LOS%  4871%  5493% 57.31% Hy ™
QLIKE H=1 1023% <X < 925%<X<1673%  7.50%< X< 1145% 974%  1518% 15.02% H™
H=3  918%<X=9.89% 10.06 % < X < 15.76 % 1073%  17.00% 15.64% N
H=5  B99%<X<1001%  9.81%<X<1669% 1120%  1592% 15.48% .
H=10 1070% £ X £ 1207 % 13.27 % < 5.56 % 12.49 % 17.71 % 16.85 % H=22 H;™ H,* Hi™ H™*
H=22 1587%<X<1827%  1449%<X<17.82%  1338% <X <1860%  1634%  2633% 20.27% Hr
Hy
DIIA . .
RMSE H=1  0243%£X20250% 282%  0.233%<X<0293%  0264%  0294% 0.293%
H=3  0239%<X<0248% 285%  0.248%<X<0306%  0280%  0.307% 0.309%
H=5 0.242% £ X £0.254 % 289%  0266%<X<0300%  0294%  0317% 0.317% *: &P 500, : NASDAQ, ": DJIA.
H=10  0260%<X<0.287% 6% DAEHRIXL0I0%  00R% 030 % 0.307 % Hy means that the null hypothesis is not rejected considering the p-value threshold of 0.01, whereas H; means that the null hypothesis is rejected considering the p-
H=22  0316%<XZ03M% 353%  0.307%<X<0364%  0360% 0347 % 0.351%
MA H=1 63.10% £ X £ 65.52% < 9.73 % 4970 % < X < 7161 % 61.31 % 59.94 % 50.66 % value threshold of 0.01.
H=3  6482%<X<6676%  5876%<X<67.71%  4950% <X <7293%  5852%  57.98% 56.75 %
H=5  6360%<XzZ6642% 670%  5273%<X<67.31%  5675%  5691% 55.61%
H=10  6l37%<X<6423% 322% 5466%  57.61% 55.43 %
H=22  5014%<X<5468% X £5903% 47.40%  57.66% 57.21%
QLIKE H=1  B26%<X<977% 8.28%< X < 1043% 000%  1272% 1218%
H=3  B80%<X<8.80% 9.20%< X< 1132% 1022%  1393% 1331%
H=5  B0B%<X<Z8.94% 9.62%< X < 1208% 1L10%  1455% 1352%
H=10 9.99%<X<1091%  1124%<X<1428% X< 1228%  1565% 1397%
H=22  1480%<X<1624%  1353%<X<1629%  1141%<X<1862%  1758%  2254% 27.90%

The columns ‘NBEATSx', “TCN', and ‘LSTM’ contain 95% Confidence Intervals (CI) of the error measures results while the columns ‘HAR', *GARCH(1,1), ‘GJR-GARCH
(1,1,1)" the deterministic error measures results estimated through Ordinary Least Squares (OLS) for ‘HAR® and Maximum Likelihood Estimation (MLE) for ‘GARCH
(1,17 and *GJR-GARCH(1,1,1)".
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| Robustness test- Uncorrelated input variable

Table o
Uncoorelated Input YWariable Results.
Ernor HBEATS: TN LsT™
Beasures
SR SO
RMESE M 0201 = = X = 0217 948 - 02128 = X -
1 0D S 0.3 R 023 55
P MELE W = = L3 T 0210 = X =
3 LR O L1 TR o_Zan e
P MEIE S = = O2EF Fa 0233 %6 = X =
5 R A .29 T OUZEHD %S
P [-L LR L-1: R 0253 G o= X
1o 3 HE =5 M3RE T O.ZDS5 S5
M d362 %G = X O3 T - O.27H " = X =
2z O_AFE B LR O.EET S
B1A M HE DS = X = 36.80 % - 55 10 % = X -
1 EEETL T L1 o TODE 5
P ADoK < 36 .66 T - @R RS S X«
a ool b B a3 T T4TE a
M LT o= X = 39.42 9% - AS AT G
5 A EE S 57.28 @ =9 _5H 55
M 5261 % = X =< 34.0HF %5 - 4= 33 Ba
1o 5454 5 50,20 95 L=
P IT .64 %6 = XK S 222 T SO.3F W o= X =
2z FH.64 41.41 =5 E3 63 BN
QLIEE P T.EA e = XN o= 436 55 Gag Bh o X
1 T.ED 6 IF.AT T 1306 %
P WS s = M= AH G 485 BG o X =
a S 22 A2 W D05 55
M 11.16 % = X =< 13.12 =& - 586 "H =
5 RE T 20.02 % =2 18 55
P 16.15 %6 = X = 15.H7 @& - 1186 % < =
1o 17.7% 5 23.41 =5 1679 G
P FIAMF G S X = 2047 T - 12.24 % < =
2z 24.92 %G Z9.33 EF.US =
MAS
RPASE P OERD S = X = M.A1H T - 0255 85 5 X <
1 LR S MSIE Fa 0394 %5
M 297 = = X =< 250 % - D313 % = X -
3 .30 S OSWE SR 0346 55
P MEFLE S = = O_FGT Fa 0323 % = X =
5 OEE0 =S {428 033 S
P AT S = = OIATE T - 0303 55 o X o«
1o O.3Eg 468 CLaH3 a
P MoAEE B = N = 0.Aa14 o OITE 55 o X o«
2z AT G M511 @ OGO 55
BN M 518 % = = 20.40 =& - =410 % = X -
1 GEHT A R4 T TAGE 5
P id LH W = = 21.56- Fa - SOTFF M = X s
a aBEST N &7.H1 T L= B
P BB e X = B6.16 T - AETFL MR S X o«
5 I TS = 55.45 T L= T
M 54.60 " = = 28.35 %4 - 2 46 % -
1o ST EE W 54.37 @ TS TA S
M 43.34 "a = = 22.74 T - =T 21 %A -
a2z AT BE W 43.17 ¥ SF.51 =5
DLIKE P FTEST = X = 354 55 - S5.10 6 = X =
1 H.5E Th 3H.20 T 1262 %
P HED e = M= 405 55 = 54 n
a T s 25.19 @& 1EED 5
P 1L B Ba = X = 13,92 o5 - D54 Bn
5 125 5 22,23 W 16 35 56
M 14.7% % = X = 14.8H6 % - 1116 % o=
1o 15 86 26.03 ¥ 12 56 %G
P 2. AD G o X 20.12 % - 15,62 % < X <
2z 25.54 %6 Z9.31 T E5. 9T =
UL
RPASE P L3 B = 026 T - OL1GH 55 o X o«
1 MERL W= 0293 T O_328 %
P R e = = O2EI T 0234 55 o N s
3 MEST = 0304 T 0263 %6
M 0243 % = X = O.260 %5 - D236 E o=
5 AR 0307 @ O_Z2HA =5
P SR = X = 2T T D252 %5 = X s

Table 9 (comtimesed )

Errar MBEATSS TR 15TH
M casaurnes
L 0.ZEEH T 0308 Ta D 32T
~ O.343 e = X = 0294 9 = X = D20 B = MW
== 0373 Ta O.=Z25 D365 WS
LA LY M BEIEL T = X = 2 0= 8 = X - 48 03 55 - =
L aEED T a1 55 T Tha._3E S
M BEZDF % =X SGE T = X - SR S - =
= GHF. 21 T SH.0- & SH.FIF TG
M GBI ES T = X = 41 .48 T8 = XK - H2 05 B - =
= aEEE T SF. 7% a (=g = B
M SF.E3 %% =X 41.31 =8 = X - S22 07 B - =
L S 13X S SG.HE T ST 47 S
i~ A =5 S = X = IAFE =8 = X - =352 % =
== 5D T SZIFE ©a (=00 5 B
CHLIEE M FToohh Ty o= X o= 1EEE T8 = X - DEd WS = X o=
L H.51 5 11T =a E2.79
-~ H.S1 %5 = X = 12 B ©a = X = =33 5
= TR T 10 D T 14849 55
M 1ESY % = X = 1Z2.7E 8 = X - E.5B %G = X =
= 11. =51 9= 19 . HS “a I H.O03 %S
~ 1429 9 = X = 13 45 %8 = 5 = B30 % = X -
L 1556 % 1. B 5 =1.14 =5
M 19. 84 @8 = X - 15.BE @8 = X - 1264 S5 = X =
== ZZ. 57 Ta Z1 .8 =a =318 =

The= codumns "MEBESTSx", TR,
[CI0 of the error messures reswles
GARCHIL 1.1} the determinigstic srror meeasares resolts estimadted theowgh O
dimary Leass Squares (OLE)D for
[(RLE} for “GAaRCHILL 1Y amd “GaR-GARCHIL, 1,007,

and “LETHM' coninin 95% Confidence Intervals

while the columns

HAE® amdd FMaxsmoom

AR CARCHICL, 1L GJR

Likelihoood Estimation

Table 1
Statistic Tests Fesules.
T MHEATSx v= L5151 U™
ke H=1 H = I o
[ E H.,™ [ P
H=2 H, I o
H, ™ [ Ml
H=X H, [ T
H, == H,;™-
H=14 H." [ M
H" [ Ml
H=x= H.™ H &

T S&PF 500, -0 MASDRG, o DRI
Hp means thas the null hypothesis

threshaold of 00,

wrheress Hpy

is= ot rejected considering the pewvalue

means that the oall
cansiderimg the povalue threshold of OO,

bBypothesis ix mejected
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| Robustness test-Stocks from other regions

Table 11

Other Geographic Regions Results,

Error Measures NEEATSx TCN LSTM HAR GARCH(1,1) GIR-GARCH(1,1,1)
STOXXS0E
RMSE H=1 0.288 % < X < 0.301 % 0.269 % < X < 0.308 % 0,296 % 0.332 % 0.333 %
H=3 0.278% = X = 0.287 % 0.297 W < X = 0.326 % 0318 % 0.355 % 0.330 %
H=5 0.276% < X £ 0.285 % 0.297 % < X = 0.356 % 0,331 % 0.361 % 0.362 %
H=10 0.289% < X < 0.206 % 0.324 % < X < 0.349 % 0,345 % 0.362 % 0.362 %
H=22 0.338% = X = 0.352 % 0.358 % < X = 0.400 % (3586 % 0.404 % 0.384 %
MA H=1 6137 % £ X £ 65.24 % 55.38 % < X = 7029 % 60.52 0% 50.51 % 50.35 %
H=3 63.17% < X < 66.91 % 53.30 % < X < 64.51 % 5787 Uo SE.41 % 60.55 %
H=5 64.18% = X = 67.08 % BB <X = 6474 % 55,65 % 56.96 % 56.46 %
H=10 GLEBEY £ X £ 66.24 % 51.62 % < X < 6067 5353 % 5025 % 5B.66 %
H=22 54,009 X < 58.96 % 43.30 % < X < 5571 % 4766 % 55.45 % 50.71 %
QLIKE H=1 BET =X <997 % 705% <X < 11.85% 8.93 % 12.99 % 1288 %
H=3 B4 =X =054 % O % = X < 1275 %W 0.6 13.26 % 13.22%
H=5 8.20% < X = 0.01 % Q.00 % = X < 15.03 % 10,63 % 14.34 % 14.08 %
H=10 BE65WN =K =055% 11.13 % = X = 14.05 % 11.40 % 16.34 % 15.72 %
H=22 1223% =X = 1371 % 1370 % < X < 1837 % 14.29 % 24.57 % 21.30 %
IBOVESPA
RMSE H=1 < 0.412 % 0318 % < X < 0.346 % 0.344 0% 0.400 % 0.400 %
H=3 - 0,399 % 0.327 % = X = 0.367 % 0357 % 0.394 % 0.425 %
H=5 0.457 % 0,339 % = X < 0.370 % 0.374 % 0.408 % 0.408 %
H=10 < 0.495 U 0.341 % < X < 0.392 % 0.390 % 0417 % 0418 %
H=22 0427 % < X < 0.439 % < 0.451 % 0.367 % < X = 0.405 % (408 % 0.394 % 0.387 %
Ma H=1 6B.15% = X = 70.03 % = T447 % 6386 % < X < 7283 % 66,06 % 63.51 % 63.35 %
H=3 67.45% £ X £ 68.80 % < 68.81 % B0.65 % < X = 71.59 % 64.38 0% &4.04 % 61,03 %
H=5 66.83% < X = 68.35 % < 69.34 % 61.51 % < X < 7120 % 62.73 % 63.03 % 6261 %
H=10 65.23% = X £ 66.53 % < 6767 % 5912 <X <7219 % 61.31 % 62.93 % B2.08 %
H=22 BL73% < X < 6465 % S K < 5911 % 57.58 % < X < 6852 % 50.53 % 67.05 % G616 %
QLIKE H=1 550 % < X < 1233 % 611 % < X < 8.63 % 700 % 10.41 % 10.28 %
H=3 T Ww=X = 11.75% 7.52% 10.54 % 10.95 %
H=5 G974 = X < 1402 % A 8.03 % 10.65 % 10.37 %
H=10 ) 16.75 % 662 % < X < 10.60 % 8.61 % 11.96 % 11.47 %
H=22 1250% < X < 13.40 % 11.05 % < X < 14.56 % 75 % =X =<11.36% 9.56 % 11.54 % 1133 %
S&P BSE SENSEX
RMSE H=1 0.260 % < X < 0.267 % < 0.297 % 0.243 % £ X £ 0.268 % 0,275 % 0.316 % 0.315%
H=3 0.266 % < X < 0.275 % < 0.363 % 0.254 % < X < 0.269 % 0,293 % 0.319 % 0.327 %
H=5 0.269% = X = 0.277 % < 0.361 % 0.252 % < X = 0.305 % (.295 % 0.333 % 0.331 %
H=10 0.270% < X £ 0.288 % < 0.378 % 0.273 % < X < 0.307 % 0,307 % 0.323 % 0.321 %
H=22 0.291% < X £ 0.299 % 0.415 % 02681 % < X < 0.314 % 0,345 % 0.321 % 0.341 %
Ma H=1 68.96% = X = 70.97 % < 70.35 % G490 % < X = 7423 W 6572 % 64.57 % 64.51 %
H=3 GB.66M £ X £ 70.40 % < 70.25 % G665 W < X = 7337 % 6205 % 63.06 % 62.35%
H=5 6B.57 % < X = 70.19 % < X < 65.36 % 5777 % < X < FLTE % 62.73 % 61.58 % 61.35 %
H=10 67.61 % = X = 69.58 % X = 5653 % 5945 % < X = 7044 W 6118 % 64.16 % 63.61 %
H=22 67.33% £ X £ 68.80 % X < G460 U 59.43 % < X = 018 % 57.80 % 66,01 % 6425 %
QLIKE H=1 T2%M=X=<975% 575 % <X < 8.16% 7.69 % 10.57 % 10.36 %
H=3 6.83 % < X < 14.80 % 6440 =X = 7.82 % 8.36 % 10.49 % 11.45%
H=5 877 %< X = 1526 % 628 % = X < 10.78 % 875 % 12.35 % 11.88 %
H=10 11.82% < X < 16.91 % 732% < X < 10.38 % 9.58 % 13.40 % 12.76 %
H=22 13.01 % < X < 14.81 % 1243% < X< 1935 % 7800 <X < 1044 % 10,84 % 15.80 % 1433 %

The columns ‘NEEATSx", "TCN', and 'LSTM" contain 95% Confidence Intervals (CI) of the error measures results while the columns *HAR", '"GARCH(1,1)", "GJIR-GARCH
(1,1,1) the deterministic error measures results estimated through Ordinary Least Squares (OLS) for *HAR and Maximum Likelihood Estimation (MLE) for *GARCH
(1.1) and ‘GIR-GARCH(1,1,1)".
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Table 12
Statistic Tests Resulis.
Tests NBEATSxvs  LSTM TCN HAR GARCHiL1)  GJR GARCH(1.1,1)
DM tesis H=1 He Hy™ H,™ H,™ Hy™
MW tests H; Hy"
T-tests He Hy"
H,™ L™
H=3 H,™* Hy" Hi" H,™ H,™
H,™ Hy™
H,™* H,"™
H,™ [
H=5 H" Hy™ H,™ H,™ H,™
H,™ Hy™
H™ Hy™
H,™ [
H=10 H,™ Hy™ H,™ H,™ H;™
H,™ H,™
H™ Hy™
H,™ L™
H=22 H" Hy™ H,™ H™ H,™

H™
TS
H

Hyp means that the null hypothesis is not rejected considering the p-value threshold of 0.01, whereas Hy means that the null hypothesis is rejected considering the p-

value threshold of 0.01.
*: STOXXS50E, - IBOVESPA, 4: S&P BSE SENSEX.
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