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ARTICLE INFO ABSTRACT
Keywords: We propose an automated method for obtaining weighted forecast combinations using
Time series features time series features. The proposed approach involves two phases. First, we use a

Forecast combination
XGBoost

M4 competition
Meta-learning

collection of time series to train a meta-model for assigning weights to various possible
forecasting methods with the goal of minimizing the average forecasting loss obtained
from a weighted forecast combination. The inputs to the meta-model are features that
are extracted from each series. Then, in the second phase, we forecast new series using
a weighted forecast combination, where the weights are obtained from our previously
trained meta-model. Our method outperforms a simple forecast combination, as well as
all of the most popular individual methods in the time series forecasting literature. The
approach achieved second position in the M4 competition.

© 2019 Published by Elsevier B.V. on behalf of International Institute of Forecasters.
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Contextualizacao e motivacao



Competicdes M (Makridakis): Origem

J. R. Statist, Soc. A (1979),
142, Part 2, pp. 97-145

Accuracy of Forecasting: An Empirical Investigation

By SPYROS MAKRIDAKIS and MICHELE HIBON

INSEAD—The European Institute of Business Administration

[Read before the RovyAL STATISTICAL SocIeTy on Wednesday, December 13th, 1978,
the President, SIR CLAUS Moser in the Chair]

SUMMARY

In this study, the authors used 111 time series to examine the accuracy of various
forecasting methods, particularly time-series methods. The study shows, at least for
time series, why some methods achieve greater accuracy than others for different types
of data. The authors offer some explanation of the seemingly conflicting conclusions
of past empirical research on the accuracy of forecasting. One novel contribution of
the paper is the development of regression equations expressing accuracy as a func-
tion of factors such as randomness, seasonality, trend-cycle and the number of data
points describing the series. Surprisingly, the study shows that for these 111 series
simpler methods perform well in comparison to the more complex and statistically
sophisticated ARMA models.

Keywords: FORECASTING; TIME SERIES; FORECASTING ACCURACY
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Competicdes M (Makridakis): Origem

« 111 séries temporais foram avaliadas.

« Métodos mais simples (suavizacdo exponencial, média madvel)
apresentaram melhor performance do que métodos mais sofisticado
(ARMA).

 Estatisticos da época criticaram os resultados:

Again, returning to the authors general approach, it is fair to
say that they are comparing what people use in practice. It is
amazing to me, however, that after all this exercise in
identifying models, transforming and so on, that the
autoregressive moving averages come out so badly. I wonder
whether it might be partly due to the authors not using the
backwards forecasting approach to obtain the intial errors.

-- Dr W. G. Gilchrist (Sheffield City Polytechnic)
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Competicao M1

Journal of Forecasting, Vol. 1, 111153 (1982) ° Primeira Verséo organizada em
1983 pelo professor Spyros
o Makridakis.
;:Si::s(;chljlr:tc:ogl;:E;:rsﬁga:flc:an (Time « Objetivo: avaliar a acuracia
Forecasting Competition preditiva de diferentes métodos.

S. MAKRIDAKIS
INSEAD, Fontainebleau, France

35:?:552?2?61'15& Australia " oo anyo n e C O u]-d Sub mit
5!1.53:::3 ?:IVEL Quebec, Canada fo re C a StS, making thiS th e
El'ailhgsfesr Business School, Manchester, England flrSt tru e fO r e C a Stlng

:rnvs:«: g,oflln!ar'nebleau, France C 0 mp etitio n a. S far a S I
Eﬂa;iﬁ‘:g?s?eﬂss I}Issen, Germany am awa r e "
J. NEWTON

E. PARZEN -- Rob H_yndman

Texas A & M University, Texas, US.A

R. WINKLER
Indiana University, Bloomington, U.S.A.

ABSTRACT

In the last few decades many methods have become available for forecasting.
As always, when alternatives exist, choices need to be made so that an
appropriate forecasting method can be selected and used for the specific
situation being considered. This paper reports the results of a forecasting
competition that providesinformation to facilitate such choice. Seven experts
in each of the 24 methods forecasted up to 1001 series for six up to eighteen
time horizons. The results of the competition are presented in this paper
whose purpose is to provide empirical evidence about differences found to
exist among the various extrapolative (time series) methods used in the
competition.
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Competicdes M: Edicoes

M1 1983:
o 1001 séries: anual, trimestral e mensal.
o 15 métodos mais 9 variantes foram avaliados.
M2 setembro a abril de 1987:
o 29 séries.
o Dados de quatro empresas dos EUA,
o Conduzida em tempo real
M3 2000:
o 3003 séries.
o Séries com tamanho entre 14 e 126.
M4 janeiro a marc¢o de 2018:
o 100.000 séries: anual, trimestral, mensal, semanal, didria e por hora
o Codigos devem ser publicos.
o Performance avaliada pontualmente e intervalarmente.
M5 marco a junho de 2020.
o 42.840 séries de venda com estrutura hierdrquica fornecida pelo
Walmart.
o Inclusdo de variaveis explicativas.
o Performance avaliada em termos da distribuicdo preditiva.
o Maioria das séries exibem "intermiténcia" (vendas esporadicas,
incluindo zeros).
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Previsdo de séries temporais

« Essencialmente, existem duas abordagens para previsao de séries
temporais:

o Previsao considerando um modelo.

o Previsdo combinando (em média) as previsdes de varios modelos
(forecast model averaging).

A literatura estatistica sobre forecast model averaging é vasta e teve
origem no trabalho de Bates and Granger (1969).

e Clemen (1989) e Timmermann (2006) realizam uma revisdo dos principais
métodos de previsdo combinada e mostram vantagens empiricas sobre
métodos considerando apenas um modelo.
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Previsdo de séries temporais

Como combinar as previsdes dos modelos?

Problema conhecido na literatura como forecast combination puzzle.
(Smith and Wallis, 2009)

Algumas abordagens:
1. Média aritmética: peso igual para todos os modelos.

2. Média ponderada: protege contra risco de considerar modelos mal
ajustados (previsdes ruins).

Como escolher os pesos para cada modelo?
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Metodologia



FFORMA: visdo geral

 Montero-Manso, Athanasopoulos, Hyndman, and Talagala (2019) prop6em
FFORMA: Feature-based forecast model averaging.

o Modelo de meta-learning (xgboost) para estimar os pesos a partir das
caracteristicas (features) das séries.

 reference set: conjunto de séries temporais que sera separado em periodo
de treino e teste.

Training data Test data

% ® % % ® * % & ® ® % O & * & " & B B B W ime

e time series features: caracteristicas (features) das séries temporais.

o 42 features, entre elas, tamanho da série, tendéncia, sazonalidade,
autocorrelacdes, curvatura e linearidade.

o Utiliza a base de treino para calculo das features.

o SAao as variaveis explicativas (inputs) do meta-model.
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FFORMA: modelos

e Autores utilizaram um conjunto de 9 métodos/modelos:

. naive (naive).

. passeio aleatorio com drift (rwf).

. haive sazonal (snaive).

. método theta (thetaf) (Assimakopoulos and Nikolopoulos, 2000;
Hyndman and Billah, 2003).

algoritmo automatico para modelo arima (auto.arima).
algoritmo automatico para modelo de suavizacdo exponencial (ets).
. modelo TBATS (tbats) (De Livera, Hyndman, and Snyder, 2011).
. modelo STLM-AR (st1lm).

. redes neurais para series temporais (nnetar).

=W N -

e Detalhes sobre selecdo automatica dos modelos arima e suavizacao
exponencial sdo apresentados em Hyndman and Khandakar (2008).

o Detalhes sobre os métodos st1lm e nnetar podem ser vistos em Hyndman
and Athanasopoulos (2018).

e Os métodos sdo ajustados na base de treino e erros de previsao sao
obtidos na base de teste.
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FFORMA: métrica de previsao

« Meétricas do erro de previsdo de cada método sdo calculadas para cada
série.

e Os autores utilizam uma versdo modificada do Overall Weighted Average
error (OWA).

« Sejaer = yr — y, o erro de previsdo. A versdo modificada do OWA utiliza
as seguintes métricas:

o Mean Absolute Scaled Error (MASE), proposto por Hyndman and
Koehler (2006):

1 o (&
MASE = — , —
" > lal, emque g

1 n
t=1 § : o
n—1 s |yz yz—1|

o Symmetric Mean Absolute Percentage Error (SMAPE):

1 &n 200 |y; — 3
MAPE = Ly 20— i
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FFORMA: métrica de previsao

e Seja m um método de previsdo para cada série e modelo os autores
calculam

1[ MASE(m) sMAPE(m)
OWA = — . + .
2 | MASE(snaive2) = sMAPE(snaive2)

em que SMAPE(snaive2) e sMAPE(snaive2) indicam o MASE e SMAPE do
modelo naive sazonal proposto na competicdo M4.
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FFORMA: features

e features: estatisticas que caracterizam uma serie temporal.
e Motivado pelos trabalhos:

o Hyndman, Wang, and Laptev (2015): "Large-scale unusual time series
detection".

o Kang, Hyndman, and Smith-Miles (2017): "Visualising forecasting
algorithm performance using time series instance spaces”.

o Talagala, Hyndman, and Athanasopoulos (2018): "Meta-learning how
to forecast time series".

« Detalhes tedricos das features podem ser encontrados em tsfeatures.
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https://cran.r-project.org/web/packages/tsfeatures/vignettes/tsfeatures.html

FFORMA: features

Feature

Description

Non-seasonal

Seasonal

T

trend
seasonality
linearity
curvature
spikiness
e_acfl
e_acf10
stability
lumpiness
entropy
hurst
nonlinearity
alpha

beta
hwalpha
hwhbeta
hwgamma
ur_pp
ur_kpss
y_acf1
diff1y_acf1
diff2y_acf1
y_acf10
diff1y_acf10
diff2y_acf10
seas_acf1
sediff_acf1
y_pacf5

diff 1y_pacfs
diff2y_pacfs
seas_pacf
crossing_point
flat_spots

nperiods
seasonal_period
peak

trough
ARCH.LM
arch_acf
garch_acf
arch_r2
garch_r2

length of time series

strength of trend

strength of seasonality

linearity

curvature

spikiness

first ACF value of remainder series

sum of squares of first 10 ACF values of remainder series
stability

lumpiness

spectral entropy

Hurst exponent

nonlinearity

ETS(AAN) @

AAN) B

AAA) &

AAA) B

AAA) ¥

test statistic based on Phillips-Perron test

test statistic based on KPSS test

first ACF value of the original series

first ACF value of the differenced series

first ACF value of the twice-differenced series

sum of squares of first 10 ACF values of original series
sum of squares of first 10 ACF values of differenced series
sum of squares of first 10 ACF values of twice-differenced series
autocorrelation coefficient at first seasonal lag

first ACF value of seasonally differenced series

sum of squares of first 5 PACF values of original series
sum of squares of first 5 PACF values of differenced series
sum of squares of first 5 PACF values of twice-differenced series
partial autocorrelation coefficient at first seasonal lag
number of times the time series crosses the median
number of flat spots, calculated by discretizing the series into 10

ETS(
ETS(
ETS(
ETS(

equal-sized intervals and counting the maximum run length within

any single interval

number of seasonal periods in the series

length of seasonal period

strength of peak

strength of trough

ARCH LM statistic

sum of squares of the first 12 autocorrelations of z2
sum of squares of the first 12 autocorrelations of r?
R? value of an AR model applied to z?

R? value of an AR model applied to r?

v

N T N N N N

[ A N N T T I N N N N N

N N NN
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e N N NENEN
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Distribuicao do Periodo

50000 1
40000 1
30000 ~

20000 1

Total de séries

10000

1 4 12 24
Periodo da série
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Distribuicdo da Sazonalidade
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Distribuicao da Sazonalidade

e Baixa sazonalidade e Alta sazonalidade

Q105
H220

14720 14730 14740 14750

21/49



Distribuicdo da Tendéncia

25 -

20 -

Densidade

—
()]
1

—
o
1

0.00

0.25

0.50
Tendéncia

0.75

1.00

22 /49



Distribuicdo da Tendéncia
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Distribuicao da ACF1
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Distribuicao da ACF1

e Baixa ACF1 e Alta ACF1
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Distribuicao da Entropia
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Distribuicao da Entropia

« Baixa entropia » Alta entropia
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Distribuicdo das features
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Distribuicdo das features

1.001
0.75-
4y}
S
&
@ 0,50+
c
()}
l_
0.25-
0.00-
0.00 0.25 0.50 0.75 1.00
Entropia

29 /49



FFORMA: meta-model

« Seja f,, € F o conjunto de features calculadas na base de treino da série
n

e Seja p(frn)m 0 output do modelo XGBoost em funcéo das features.

o Importante: esse output é estimado pelo (XGBoost) conforme as
arvores de decisdo ajustadas sequencialmente.

« Esse output é transformado em um peso do método m na previsdo da
série n pela transformacéao softmax:

exp[p(fn)m]

Zzl exp|p(fn)m]

w(fn)m —

o Obs.: essa transformacao é a funcdo de ligacdo (natural) de um
modelo multinomial.

e Detalhes tedricos sobre XGBoost sdo encontrados em Chen and Guestrin
(2016).
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https://xgboost.readthedocs.io/en/latest/index.html#

FFORMA: meta-model

e Seja Ly, a contribuicdo no OWA do método m para a série n.

« O XGBoost aproxima de forma additiva a funcéo p(f,, ), de tal forma que
a funcdo perda média ponderada seja minimizada:

N M
argmin » Y w(f)m Lum

n=1 m=1

e Os hiperparametros do XGBoost foram estimados via valida¢ao cruzada
utilizando o procedimento de otimizacdo Bayesiana implementado no
pacote rBayesianOptimization (Snoek, Larochelle, and Adams, 2012).
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FFORMA: previsao

« Portanto, o valor previsto h passos a frente é dado por:

M
g(h) = > @Gy (h)

m=1
em que
e y,.(h) é o valor previsto h passos a frente do método m.

e W,, € o peso estimado pelo meta-model do método m.
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FFORMA: workflow
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FFORMA: fase offline

OFFLINE PHASE: TRAIN THE LEARNING MODEL
Inputs:
{1, X3, .... Xy 1. N observed time series that form the reference set.
F: a set of functions for calculating time series features.
M: a set of forecasting methods in the pool, e.g., naive, ETS, ARIMA, etc.
Qutput:
FFORMA meta-learner: A function from the extracted features to a set of M
weights, one for each forecasting method.

Prepare the meta-data

forn=1to N: do
Split x, into a training period and test period.
Calculate the set of features f,, € F over the training period.
Fit each forecasting method m € M over the training period and generate
forecasts over the test period.
Calculate forecast losses L, over the test period.
end for

Train the meta-learner, w
Train a learning model based on the meta-data and errors, by minimizing:

N M
argmin Z Z w(F ; ImLnm-
RVl

n=1 m=1
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FFORMA: fase online

ONLINE PHASE. FORECAST A NEW TIME SERIES
Inpui:
FFORMA meta-learner from offline phase.
Output:
Forecast the new time Series Xpew.
for each Xxpe,: do
Calculate features f ., by applying F.
Use the meta-learner to produce w(f ., ). an M-vector of weights.
Compute the individual forecasts of the M forecasting methods in the pool.
Combine the individual forecasts using w to generate final forecasts.
end for
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Implementacdo computacional



Implementacao computacional

« Toda implementa¢do computacional foi realizada no software R usando
0s seguintes pacotes:

(¢]

(¢]

(¢]

forecast: métodos de previsao.
tsfeatures: calculo das features.
xgboost: modelo XGBoost.

rBayesianOptimization: otimizagcdo bayesiana para encontrar
hiperparametros.

fforma: implementacdo da metodologia proposta.

M4metalearning: codigos apresentados na competicao M4.

e Os codigos sdo aberto e podem ser encontrados nos Github do
robjhyndman e pmontman.
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https://github.com/robjhyndman/M4metalearning
https://github.com/pmontman/fforma
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Aplicacdo: competicao M4

e Uma amostra de 500 séries foi selecionada aleatoriamente das 100.000
séries da competicdo M4.

e O modelo FFORMA foi ajustado utilizando o pacote fforma:

library(fforma)
library (M4comp2018)

set.seed(6969)
ts_dataset <- M4[sample(length(M4), 500)]

fforma_fit <- train_metalearning(ts_dataset)

fforma_forec <- forecast_metalearning(fforma_fit, ts_dataset)

e O ajuste do meta-model (fforma_fit) demorou em torno de 1h e 50
minutos.

« A previsdo na base de teste (fforma_forec) demortou em torno de 1h e
58 minutos. 39/49



Aplicacdo

» Peso médio estimado por método.

auto_arima

ets shaive

nnetar naive

tbats thetaf

stim_ar rw_drift
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Aplicacdo

» Distribuicdo do OWA por método.
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Aplicacdo: Exemplos de previsao

e Série Y18294 anual com 29 observacgo6es para prever 6 anos a frente.
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Aplicacdo: Exemplos de previsao

e Série M8397 mensal com 104 observacdes para prever 18 meses a frente.
teste treino
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Aplicacdo: Exemplos de previsao

« Série D4129 diaria com 323 observacOes para prever 14 dias a frente.
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Aplicacdo: Consideracoes gerais

O OWA geral foi de 0.8528.

O modelo auto ARIMA teve maior peso médio na previsao das 500 séries.

Embora ndo seja o objetivo principal das competi¢cdes M é importante
inspecionar as previsdes para cada serie graficamente, pois permite
maior entendimento sobre o erro do modelo.

O custo computacional foi muito alto.

o Inviabiliza implementar este modelo num servidor para deixar
rodando online.

E necessario melhor implementacio computacional do fforma uma vez
que:

o Codigo pouco otimizado: Segundo os autores o modelo demorou 5
dias para realizar o ajuste nas 100.000 séries da competicdo M4.

o Codigo pouco estruturado: Repeticdes de conta e funcdes ndo foram
escritas em classes.
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