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In this paper, we define forecast (in)stability in terms of the variability in forecasts
for a specific time period caused by updating the forecast for this time period when
new observations become available, i.e., as time passes. We propose an extension to
the state-of-the-art N-BEATS deep learning architecture for the univariate time series
point forecasting problem. The extension allows us to optimize forecasts from both
a traditional forecast accuracy perspective as well as a forecast stability perspective.
We show that the proposed extension results in forecasts that are more stable without
leading to a deterioration in forecast accuracy for the M3 and M4 data sets. Moreover,
our experimental study shows that it is possible to improve both forecast accuracy
and stability compared to the original N-BEATS architecture, indicating that including
a forecast instability component in the loss function can be used as regularization
mechanism.

© 2022 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.

1. Introduction benefit obtained from an increase in forecast accuracy—
i.e., to increase the net benefit or profit from forecast

Traditionally, assessing forecast performance is focused updates by improving forecast stability.

on forecast accuracy. In this paper, we evaluate forecasts
from both a forecast accuracy and forecast (in)stability
perspective, where the latter concerns variability induced
by updating forecasts when new observations become
available as time passes. Such forecast updates are con-
sidered to result in both benefits and costs. The benefits
are caused by an increase in forecast accuracy due to
a shorter forecast horizon, while the costs follow from
induced forecast instability. In this paper, we aim to
improve forecast stability without causing a deterioration
in forecast accuracy at the same time. To put it differently,
we aim to improve the profitability of forecast updates by
decreasing the cost of forecast instability relative to the
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Therefore, we propose an extension to the state-of-
the-art N-BEATS deep learning architecture proposed by
Oreshkin, Carpov, Chapados, and Bengio (2020) for the
univariate time series point forecasting problem, to im-
prove forecast stability by adding a forecast instability
component to the loss function. The results of our exper-
imental study show that, for the M3 and M4 competition
data sets (Makridakis & Hibon, 2000; Makridakis, Spiliotis,
& Assimakopoulos, 2020), our methodology can improve
forecast stability without causing a loss in forecast accu-
racy. Moreover, the results on the validation sets indicate
that the proposed methodology can improve both fore-
cast stability and forecast accuracy. Therefore, adding the
instability component to the loss function can also be
considered an alternative regularization mechanism for
global time series models.

We build on the N-BEATS deep learning architecture
recently proposed in Oreshkin et al. (2020), which claims
to be the first work to empirically demonstrate that a
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pure deep learning model, using no time-series-specific
components, is able to outperform well-established sta-
tistical approaches on the M3 and M4 competition data
sets. The N-BEATS architecture is used to build a so-
called global forecasting model (Januschowski et al., 2020)
by training an N-BEATS network with a set of global
model parameters across time series. Data-driven global
forecasting models tend to be a good choice for opera-
tional forecasting problems when they are trained on a
large number of time series (Januschowski, Kolassa, et al.,
2019). For a detailed discussion of the advantages and
disadvantages of global (versus local) forecasting models,
see Januschowski et al. (2020).

The remainder of this paper is organized as follows: In
Section 2, we review related work on forecast (in)stability
and we present an illustrative example to clarify the con-
cept of forecast (in)stability and the important implica-
tions that it entails. In Section 3, we first briefly explain
the original N-BEATS deep learning architecture before
presenting the methodology to improve the forecast sta-
bility of N-BEATS forecasts. Section 4 introduces an exper-
imental study and presents the results. Finally, Section 5
concludes the paper and presents directions for future
research.

2. Forecast (in)stability

In this section, we first provide a brief overview of the
literature on forecast (in)stability. Based on this overview,
it is clear that there are several definitions in use for the
term “forecast (in)stability”. Therefore, we subsequently
present an illustrative example to clarify what exactly
we mean by forecast (in)stability in this work, and what
the implications and their importance are in the context
of demand forecasting for supply chain planning, among
other applications.

2.1. Related literature

The term “forecast (in)stability” mainly occurs in the
literature on model selection uncertainty and model com-
binations. Model selection uncertainty refers to the un-
certainty associated with choosing a single best model
among a variety of candidate models. If, for some models,
the values of the model selection criterion are similar, a
slight change of the data (e.g., by adding random noise)
may result in selecting a different model, which poten-
tially yields a very different forecast. In this stream of
literature, the term “forecast instability” is thus used to
refer to model selection forecast instability, i.e., differences
in forecasts for the same period due to the selection of
different models. Combining models to deal with instabil-
ity in model selection has been recognized as a possible
solution in the literature on statistics and machine learn-
ing (see, e.g., Breiman, 1996; Yuan & Yang, 2005) as well
as in the forecasting literature (see, e.g., Chatfield, 1996;
Kolassa, 2011; Zou & Yang, 2004), where it is generally
accepted that combining forecasts into a single ensemble
forecast often leads to improvements in forecast accuracy,
especially when there is substantial uncertainty in identi-
fying the “best” model. For a discussion on measuring and
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evaluating model selection uncertainty, see Zou and Yang
(2004).

In this paper, we use the term “forecast (in)stability”
to refer to a different source of instability, i.e., rolling
origin forecast instability. Rather than resulting from the
selection of different models, this type of instability con-
cerns the variability in forecasts for a specific time pe-
riod caused by updating the forecast for this time period
each time a new observation becomes available, or in
other words, from using subsequent forecasting origins
(i.e., the time period from which the forecast is gen-
erated). This definition of forecast (in)stability is used
in, for example, the literature on supply chain planning
(see, e.g., Schuster, Ehm, Hottenrott, & Lauer, 2017), in
which forecast updating in a rolling fashion, as described
above, is common practice. In a supply chain planning
context, forecast instability results in so-called system
nervousness, which refers to the need to revise supply
plans to realign planned supply with forecasted demand
and therefore gives rise to supply chain costs (Li & Disney,
2017; Tunc, Kilic, Tarim, & Eksioglu, 2013). The literature
on the problem of rolling origin forecast instability in
a supply chain planning context is scarce, probably due
to the widely accepted fact that it is difficult to directly
quantify the costs associated with the system nervousness
to which it gives rise (Tunc et al, 2013). However, it
is exactly this rolling origin forecast instability that we
aim to reduce in this work. A second forecasting appli-
cation in which this type of forecast instability can be
of interest is macroeconomic forecasting, where forecasts
are used to decide on new policies and to adjust ex-
isting ones. As is the case in a supply chain planning
context, in a macroeconomic forecasting context, it is hard
to quantify the costs associated with forecast instability.
Moreover, for macroeconomic forecasting, in addition to
new observations, data revisions have an impact on fore-
cast updating and instability. Dealing with these so-called
data vintages further complicates the problem. Combining
forecasts has been proposed to deal with forecast instabil-
ity in this macroeconomic forecasting context as well (see,
e.g., Altavilla & Ciccarelli, 2007).

To gain a better understanding of the general problem
of rolling origin forecast instability, which may be of
interest in all settings in which forecasts are updated and
forecast instability comes with certain costs, a detailed
illustrative example is provided in the next section.

2.2. lllustrative example of rolling origin forecast instability

Consider the time series depicted by the black line in
Fig. 1, which represents 42 observations of the monthly
time series N1979 from the M3 competition data set
(Makridakis & Hibon, 2000). Assume that we need to pro-
duce one- to six-step-ahead forecasts for this time series
in every period, and that each forecast horizon serves a
different purpose. For instance, in a supply chain plan-
ning context, a longer-horizon (e.g., six months ahead)
forecast may be needed as input to decide how much of
a specific raw material should be ordered (possibly after
grouping the forecasted demand of multiple products),
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Fig. 1. Rolling origin one- to six-step-ahead ets forecasts for example time series. Different colors are used to visualize forecasts made at different
forecasting origins. (For the color version of this figure, the reader is referred to the web version of this article.)

while a shorter-horizon (e.g., three months ahead) fore-
cast may be needed to determine how much to produce
of a specific stock keeping unit.

To produce one- to six-step-ahead forecasts in every
period, we use the well-known ets(model = "ZZZ")
function from the forecast R package (Hyndman et al.,
2020; Hyndman & Khandakar, 2008). With the argument
model = "ZZZ", this function relies on state-space for-
mulations of the exponential smoothing methods to au-
tomatically select the ETS model type, i.e., the types of
error, trend, and seasonal components, using information
criteria such as the corrected Akaike information crite-
rion (Hyndman, Koehler, Ord, & Snyder, 2008; Hyndman,
Koehler, Snyder, & Grose, 2002). The first letter refers to
the error type and can be either "A" for additive or '"M"
for multiplicative. The second letter denotes the trend
type and can be either "A" "Ad" for damped additive,
or '"N" for none. And the third letter denotes the season
type and can be either "A", 'M", or '"N". We use a rolling
forecasting origin procedure with an expanding window
for the training data (Tashman, 2000). In Fig. 1, the ets
forecasts resulting from a different forecasting origin are
represented by different colors.

By inspecting the different forecasts in Fig. 1, it seems
that the forecasts for a specific time period become more
accurate when approaching this period. This observation
is confirmed by evaluating the accuracy of these fore-
casts with the symmetric mean absolute percentage error
(SMAPE), a scale-independent error metric used in the
M3 and M4 competitions (Makridakis & Hibon, 2000;
Makridakis et al., 2020). The sSMAPE across one- to h-step-
ahead forecasts resulting from a specific forecasting origin
t is obtained as follows:

h o
200 [Yewi — Yewirel
SMAPE = == 21:
i=

_— (1
[Yeril + [Veqirel

where y.; is the observed value of the examined time
series at time t + i, J4q is the forecast for period t + i
made at time t, i.e., the forecasting origin, and h is the
maximum forecast horizon. To obtain the performance
across different forecasting origins, we simply take the
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average of the corresponding sMAPE values. The top row
in Table 1 summarizes forecast accuracy per forecast hori-
zon for this forecast updating scenario and shows the
stylized relationship that exists between forecast accuracy
and forecast horizon: the further that we have to predict
into the future, the larger the forecast error is on average.

However, we can also look at the forecasts in Fig. 1
from a different perspective, namely, a forecast stability
perspective. While a forecast for a specific time period
typically becomes more accurate when approaching this
period, from Fig. 1 it is also obvious that updating the
forecast for a specific period when a new data point be-
comes available potentially results in large changes to the
previously made forecasts for that period. Given that we
are dealing with ets forecasts here, this forecast instabil-
ity is due to the effect of the newly available observations
on either parameter estimation or a combination of model
selection and parameter estimation. For instance, the dif-
ferences in the forecasts originating from the last two
forecasting origins, visualized in Fig. 1 by the yellow and
grey lines, are due to parameter estimation only, since
the forecasts all result from the same ETS model type,
i.e., '"MAdN" The differences in the forecasts visualized by
the cyan and purple lines for the two forecasting ori-
gins coming just before, on the other hand, are due to
a combination of parameter estimation and ETS model
type selection, as they originate from an '"MNN" model
with no trend and an "MAN" model with an additive trend,
respectively.

Rolling origin forecast instability (which possibly in-
cludes model selection forecast instability, as illustrated
above) can incur certain costs. For instance, in the context
of supply chain planning, this type of forecast instability
leads to costs as initial supply plans need to be revised,
resulting in building up excessive inventory or expediting
the production and/or delivery process at a higher cost
(Li & Disney, 2017; Tunc et al., 2013). To measure rolling
origin forecast instability, we propose a metric similar to
the SMAPE, called the symmetric mean absolute percent-
age change (sMAPC). For forecasting origins t —1 and t, the
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SMAPE and sMAPC for one- to six-step-ahead ets forecasts for example time series across the different
forecasting origins used to generate Fig. 1 (i.e., the updating scenario) and the scenario in which forecasts
are not updated and only the forecasts made at the first and last forecasting origins are considered.

Horizon h 1 2 3 4 5 6 Overall
Undatin SMAPE 363 760 1139 1412 1445 1389 1085
pdating SMAPC 355 382 403 4.20 434 - 3.99
No updatin SMAPE 308 802 1392 1761 1745 1782 1298
paating  svapc 000 000 0.0 0.00 0.00 - 0.00

SMAPC across one- to h-step-ahead forecasts is obtained
as:

200
(h—1) i=1

[Vevite — Vewite—l
[Veriel + Petiie—l

The difference between the SMAPC and the SMAPE is that
the former compares forecasts to forecasts whereas the
latter compares forecasts to observed values. While the
sMAPC is defined here in terms of two adjacent forecast-
ing origins, t — 1 and ¢, it can also be calculated for pairs
of nonadjacent forecasting origins. In this work, however,
we only consider pairs of adjacent forecasting origins to
quantify instability. The instability across different pairs
of forecasting origins can be obtained by averaging their
corresponding SMAPC values. From the forecasts shown in
Fig. 1, an sMAPC of 3.99 is obtained. The second row in
Table 1 shows that forecast instability also increases with
increasing forecast horizon. In other words, the size by
which a longer-horizon forecast changes due to forecast
updating is larger on average compared to changes in
shorter-horizon forecasts.

In the above example, updating forecasts thus results
in both benefits and costs caused by more accurate fore-
casts and induced forecast instability, respectively, with
an sMAPE of 10.85 and an sMAPC of 3.99 across fore-
cast horizons. Comparing these values with a scenario
in which we do not update the forecasts, i.e., in which
we rely on the forecasts produced at time t = 130 and
136, irrespective of the period we are in, illustrates the
possible tradeoff between forecast accuracy and forecast
stability: as shown in the bottom two rows in Table 1, for
these two forecasting origins, the SMAPE and sMAPC are
equal to 12.98 and O, respectively. If forecasts are not up-
dated, we do not incur any additional costs due to induced
forecast instability; however, we also cannot benefit from
potential improvements in forecast accuracy. Finding a
good balance between forecast accuracy and forecast sta-
bility by approaching this problem as a tradeoff requires
full quantification of their associated costs and benefits,
which is often difficult in practice (as is the case for
the provided examples of macroeconomic forecasting and
demand forecasting for supply chain planning). However,
the application of forecast updating in practice implicitly
assumes that the induced costs are outweighed by the
benefits for the forecasting problem at hand. Therefore,
in this paper, we do not approach the relation between
forecast accuracy and forecast stability from a tradeoff
perspective, but instead focus on assessing whether we
can improve forecast stability while maintaining forecast
accuracy.

sMAPC = 2)
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3. A methodology to improve forecast stability using
deep learning

In this section, we propose a methodology to improve
forecast stability using deep learning. To this end, we
build on N-BEATS, a deep learning architecture proposed
by Oreshkin et al. (2020) for the univariate time series
point forecasting problem. Therefore, we first briefly ex-
plain the original N-BEATS architecture.

3.1. Original N-BEATS architecture

Oreshkin et al. (2020) demonstrate the state-of-the-art
performance of N-BEATS for all the data sets considered
in their study, including the M3 and M4 data sets, and for
both configurations of the model presented: a generic and
an interpretable configuration. While the interpretable
configuration relies on time-series-specific components
(trend and seasonality) to achieve interpretability without
considerable loss in accuracy, the generic configuration
does not and can therefore be considered a pure deep
learning model. The state-of-the-art performance of the
generic model suggests that pure deep learning models
can compete with and even outperform hybrid meth-
ods such as the best-performing method in M4 (Smyl,
2020) that combines recurrent neural networks with ex-
ponential smoothing. In this paper, we therefore focus on
the generic configuration. Below, we briefly discuss this
generic N-BEATS architecture.

N-BEATS takes as input a vector of T historical obser-
vations, also referred to as the lookback window, Xr; €

= [Ve—T+1, ..., Ye] with length T < t and forecasting
orlgm t and outputs a prediction ymr e R" = Wet1es
- Jeine) for the vector ype € R" = [yi1, ..., Yesnl

which comprises the next h observations. The length T
of the lookback window Xy is set to a multiple of the
forecast horizon h, with lengths ranging from 2h to 7h
in Oreshkin et al. (2020). The generic N-BEATS architec-
ture, visualized in Fig. 2, is composed of multiple sequen-
tially connected processing blocks k = 1, ..., K, with the
number of blocks K being a hyperparameter. Each block k

takes x[Tkljt as input to produce both a partial forecast 9},3
&kl

and a backcast b by going through a stack of four fully
connected layers with ReLu nonlinearity and a single task-
specific layer for each block output, i.e., the backcast and
(partial) forecast. The difference between the block input
x[Tk‘J[ and the backcast )A([Tk‘]t forms the input of the next block

in the network (with xT = Xry¢). The final forecast y Ve is
the sum of the (partial) |block forecasts. The authors refer
to this topology as doubly residual stacking:

[k] [k—1]

olk—1]
X1e = X7t

—Xre

(3)
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Fig. 2. N-BEATS architecture: generic configuration (Oreshkin et al., 2020).

olkl

Yo (4)

K
=3
k=1
The (residual) backcast in each block serves to gradually
help the learning in the next blocks by removing the part
of the input that is not helpful (anymore) for forecasting.
In this way, the raw input signal Xr|; is sequentially an-
alyzed. The authors demonstrate the effectiveness of the
proposed doubly residual topology through an extensive
ablation study, suggesting that the proposed architecture
provides gain that cannot be achieved by simply increas-
ing the number of parameters, and they show that the
network architecture is suitable to make forecasts for dif-
ferent frequencies without modification. In what follows,
block-level indexing is omitted for the sake of clarity.

To optimize the parameters W of an N-BEATS network
f(Xri; W), one relies on a training set D = {X};, V. },
obtained by sampling input-output windows across time
series and forecasting origins, and a certain loss function
L that quantifies forecast errors:

W= argvrvninZL(w;“,iﬂ,;lt); Ve =F W) (5)
j

The expression above is numerically optimized via stochas-
tic gradient descent (this is discussed in more detail in
Section 4.1 below). Note that the training sample index j
captures the sampling across time series as well as across
the available time periods of length T + h for a selected
time series. The index t is thus relative and is used to
refer to the forecasting origin, irrespective of the training
sample’s absolute time period (and thus absolute fore-
casting origin). From the above expression, it is clear that
N-BEATS is a global model (Januschowski et al., 2020), as
the network parameters are optimized across many time
series by minimizing a selected loss function. Therefore, in
the absence of data preprocessing, it is necessary to use
scale-independent loss functions such as the SMAPE (see
Eq. (1)) or the root mean squared scaled error (RMSSE),
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which is a variant of the well-known mean absolute
scaled error (MASE) proposed by Hyndman and Koehler
(2006). The RMSSE for a specific input-output sample j
with forecasting origin t can be calculated as follows:

% Z?:](ytﬂ' — Perite)?

RMSSE = ] " .
[(=) Zi:l Vemig1 — Ye—i?

(6)

Finally, to report results on the test sets, Oreshkin et al.
(2020) rely on ensembling as a regularization mechanism.
They build an ensemble of 180 N-BEATS networks and use
the median as the ensemble aggregation function. To ob-
tain 180 different networks, they rely on several sources
of diversity: three different loss functions are used for
model fitting (MAPE, sMAPE, and MASE), six different
lookback window lengths are used (T = 2h, ..., 7h), and
ten different random initializations are used for each of
the above combinations, affecting both network param-
eter initialization and the generation of training batch
sequences.

3.2. Extending N-BEATS to improve forecast stability

To improve the forecast stability of N-BEATS forecasts,
we propose an extension to the loss function that is
used. Note that the proposed extension can also be im-
plemented within other deep learning methods for uni-
variate time series point forecasting. )

By considering the overlapping time periods in 9’,1“
and §,,_,, which contain the forecasts produced by the
network for input-output sample j for forecasting origins
t and t — 1, respectively, we can add a forecast insta-
bility component to the loss function from Eq. (5) by
minimizing the differences between the model forecasts
made at time t and t — 1 for the same periods. That
is, we only consider the overlapping time periods t +
1tot+ h— 1. Using a (second) lagged input-output
pair for the input-output sample j, with the forecasting
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Fig. 3. N-BEATS extension to improve forecast stability.

origin moved one period backward in time, thus allows
us to augment the optimization problem with a forecast
instability component (., ¥,.):

WH — argmmZ( ( )ﬂh“, hit +L3/h|t 1’Y;m 1)

+ A2 ) (7)
f/;m = xjm,m (8)
Ylhn 1= T\t 1 W), (9)

where A > 0 controls the extent to which the forecasts
produced by the network are influenced by the fore-
cast instability component, and £2 is a scale-independent
function that quantifies forecast instability such as the
SMAPC (see Eq. (2)) or the root mean squared scaled
change (RMSSC). Along the lines of the RMSSE, we de-
fine the RMSSC for a specific input-output sample j and
forecasting origins t — 1 and t as follows:

1 N1 S
i it Gerite = Peije—1)?

(T]fn Z,'Tz_ll(%—iﬂ — Vi)
A visualization of the extended N-BEATS architecture is
provided in Fig. 3.

Whereas the sole objective in N-BEATS (see Eq. (5))
is to minimize some function of forecast error, here the
objective is to minimize forecast error as well as forecast
instability. Recall from Section 2.2 that if forecasts are
not updated when new observations become available,
we do not incur additional costs due to induced forecast
instability; however, we also cannot benefit from poten-
tial improvements in forecast accuracy. As it is generally

RMSSC = (10)
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accepted that the benefits of forecast updating in terms
of forecast accuracy improvements exceed the extra costs
induced by forecast instability, generation and evaluation
of point forecasts traditionally focus on forecast accu-
racy. However, we hypothesize that the focus on forecast
accuracy does not necessarily imply ignoring forecast in-
stability. Specifically, in the experimental study below, we
assess whether there exists a certain range of A-values
that lead to improvements in forecast stability without
causing a deterioration in forecast accuracy at the same
time.

4. Experimental study

In this section, we present and report the results of
experiments carried out to assess the performance of the
proposed extension to the N-BEATS architecture in terms
of its ability to improve the forecast stability of N-BEATS
forecasts while maintaining forecast accuracy. We first
provide a detailed description of the experimental design,
including the data sets that are used and the evaluation
schemes that are adopted, and we give an overview of
the forecasting methods and training methodology that
are used. Subsequently, experimental results are reported
and discussed.

4.1. Experimental design

Data sets. We use the M3 (Makridakis & Hibon, 2000) and
M4 (Makridakis et al., 2020) data sets in our experiments.
Table 2 provides summary statistics of the data sets in-
cluded in the experimental study. All series have positive
observed values at all time steps.
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Summary statistics of the data sets used. The third line of the header row contains values for the forecast horizon/the number of forecasting origins
used, and the required forecast horizon in the original competition(s) is shown between brackets.

M3 M4
Yearly Quarterly Monthly Other Yearly Quarterly Monthly Weekly Daily Hourly
2/5 (6) 4/5 (8) 6/13 (18) 2[7 (8) 2/5 (6) 4/5 (8) 6/13 (18) 4/10 (13) 7/8 (14) 24(25 (48)
No. of series 645 756 1,428 174 23,000 24,000 48,000 359 4,227 414
Min. length 20 24 66 71 19 24 60 93 107 748
Max. length 47 72 144 104 841 874 2812 2610 9933 1008
Mean length 284 48.9 117.3 76.6 373 100.2 2343 1035.0 23714 901.9
Std. dev. length 9.9 10.6 28.5 109 245 51.1 1374 707.1 1756.6 127.9

Evaluation schemes. For all data sets, standard evaluation
schemes were previously defined for use in the original
competitions. For instance, for the monthly time series,
both competitions required one- to 18-step-ahead fore-
casts from a single forecasting origin for out-of-sample
evaluation; i.e., the last 18 data points of each time series
are withheld as a test set. Also, for the other data subsets
with different frequencies, only a single forecasting origin
is used. However, since we also want to evaluate forecast
(in)stability next to forecast accuracy, we cannot readily
adopt the standard evaluation schemes, because forecast
instability calculations require forecasts from at least two
different forecasting origins. Therefore, we adopt different
evaluation schemes by using rolling forecasting origin
evaluations (Tashman, 2000). The reported results are
averages across forecasting origins. For the monthly time
series, for instance, we evaluate one- to six-month-ahead
forecasts for the test set as in the standard setting. That
is, we consider 13 series of one- to six-month-ahead fore-
casts stemming from 13 different forecasting origins. For
the other data subsets with different frequencies, values
for the forecast horizon and the number of forecasting
origins used, and the forecast horizon required in the
original competition(s), are provided in Table 2. Note that
the use of these different evaluation schemes implies that
we cannot directly compare our results to the results for
the M3 and M4 data sets reported in the literature.

Forecasting methods. In addition to reporting the results
of standard N-BEATS (see Section 3.1) and the N-BEATS
extension to improve forecast stability (see Section 3.2),
hereafter referred to as N-BEATS-S, we report the results
of the following forecasting methods:

e N-BEATS weight decay: the squared L2 norm of the
network parameters ||W||§ is added to the loss func-
tion of the standard N-BEATS network. That is, pa-
rameter shrinkage (towards zero) is induced to reg-
ularize the network.

e N-BEATS dropout: a standard N-BEATS network
trained with dropout implemented on all hidden
layers to regularize the network (Srivastava, Hinton,
Krizhevsky, Sutskever, & Salakhutdinov, 2014).

e N-BEATS T ensemble: the median of the forecasts
obtained by standard N-BEATS networks with look-
back window lengths T equal to (1) a tuned value
based on the validation set performance (see Ta-
ble 3) and (2) T = 8h.

e N-BEATS origin ensemble: the mean of all available
standard N-BEATS forecasts for a specific period,
i.e., reusing forecasts for the time period considered
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made at previous forecasting origins with longer
forecast horizons. For example, for the monthly time
series, to obtain a forecast at time t for t 43, we com-
bine the produced three-step-ahead forecast with
the four- to six-step-ahead forecasts for the same
period already produced previously.

e N-BEATS-S weight decay: on top of the forecast in-
stability loss component, the squared L2 norm of the
network parameters is added to the loss function.

e N-BEATS-S T ensemble: same as above for N-BEATS
T ensemble but with N-BEATS-S networks as base
models. For each lookback window length T, a suit-
able A-value is determined based on the validation
set performance.

e N-BEATS-S origin ensemble: same as above for
N-BEATS origin ensemble but with N-BEATS-S fore-
casts as base forecasts.

e ETS: forecasts obtained by using the ets function
from the forecast R package. This exponential
smoothing state-space model (with an automated
model selection procedure) performed very well in
the M3 competition (Hyndman et al., 2008, 2002).

e ARIMA: forecasts obtained by using the auto.arima
function from the forecast R package. This func-
tion automatically selects the best ARIMA model
based on the algorithm described in Hyndman and
Khandakar (2008).

e THETA: forecasts obtained by using the thetaf
function from the forecast R package. The theta
method, proposed by Assimakopoulos and Nikolopou-
los (2000), was the winning method of the M3 com-
petition (Makridakis & Hibon, 2000).

We run every N-BEATS variant or extension with a
specific set of hyperparameters five times, with random
initializations. All reported results are obtained by com-
bining forecasts across these runs with the median as
the ensemble aggregation function. The N-BEATS(-S),
N-BEATS(-S) weight decay, and N-BEATS dropout results
are thus all based on five different networks, and the T en-
sembles on ten. For the origin ensembles, the N-BEATS(-S)
forecasts are further combined as described above. Finally,
note that for constructing the T ensembles (and to ag-
gregate over different random initializations), we use the
median as the ensemble aggregation function, whereas for
constructing the origin ensembles we use the mean. The
reason for this difference lies in the different motivations
to include these methods in this experimental study: the
motivation for constructing T ensembles is to obtain more
robust and accurate forecasts, and as such, the median is
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Table 3
Hyperparameter settings.
M3 M4
Yearly Quarterly Monthly Other Yearly Quarterly Monthly Weekly Daily Hourly
N-BEATS No. of blocks K 20 20
Hidden layer width 256 256
Batch size 512 512 512 128 512 512 512 256 512 256
Lookback window length T 6h 6h 6h 6h 4h 4h 4h 4h 4h 7h
Forecasting origin range 20h 20h 20h 20h 20h 10h 10h 20h 20h 20h
Iterations 1000 2000 8000 1500 6600 7130 14,415 2500 12,000 5000
Learning rate le—5 le-5 le—5 le-5 1le-5 le—3 le—3 le-5 le—5 le—3
Weight decay le—5 1le—4 2.5e-5 0 0 le—4 3.16e—6 0 0 le—5
Dropout probability 0 0 0 0 0 0.05 0.2 0 0 0
N-BEATS-S A 0.053 0.111 0.176 0.081 0.039 0.111 0.176 0.176 0.067 0.333
Weight decay le—4 0 le—5 0 0 0 le—5 le—5 0 0
A for T = 8h 0.039 0.212 0.481 0.096 0.039 0.176 0.290 0.212 0.067 -

better suited, as more extreme forecasts do not directly
affect the ensemble forecast values; the motivation for
constructing the origin ensembles, on the other hand, is to
obtain more stable forecasts. Although the median could
also be used as the ensemble operator, we consider the
mean to be a more natural choice for the purpose of
smoothing out the effect on forecast instability of forecast
updating, since it results in all previous (longer-horizon)
forecasts affecting the ensemble forecast values.

Training methodology for N-BEATS networks. Each data set
is split into training, validation, and test sets, the latter
containing the last n observations of each time series,
with n equal to the required forecast horizon in the orig-
inal competition. We use an equally sized validation set
which comprises, for each time series, the n data points
that were observed just before the first data point in the
test set. For performance evaluation on the validation set,
we use the same rolling origin evaluation procedure used
to report the test set results. The validation results are
used to tune hyperparameters. However, once the hyper-
parameters are determined, we train the models on the
full training set, comprising the training and validation
sets, and we report the results on the test set.

An overview of the hyperparameters used for the dif-
ferent subsets of the M3 and M4 data sets is provided
in Table 3. Two hyperparameters specific to N-BEATS—
namely, the number of blocks K and the width of the hid-
den layers—and the batch size used to train the N-BEATS
networks are determined based on the minimum valida-
tion SMAPE resulting from an exploratory study in which
the monthly M3 and M4 validation sets are combined.
The batch size is adjusted downwards for the subsets
containing fewer than 512 series. The other hyperpa-
rameters for training standard N-BEATS networks are the
lookback window length T, the forecasting origin range,
the number of learning iterations, and the learning rate.
These hyperparameters are tuned on the data subset level
(minimum validation sMAPE and convergence of valida-
tion loss for a single run). Note that for the M4-hourly
subset, given that h = 24 and that there is thus a logical
choice for T available in this setting, i.e., T = 7h, we only
use T = 7h and do not build an N-BEATS-S T ensemble.

For all N-BEATS variants and extensions included in
this experimental study, only the additional hyperparam-
eters are tuned, while the common hyperparameters are
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kept fixed at the (tuned) values for the standard N-BEATS
network. For N-BEATS-S, a crucial hyperparameter is A,
as it controls the extent to which the forecast instability
component affects the optimization problem and there-
fore the model outputs. A is determined on the data
subset level (and per lookback window length T) by min-
imizing the average validation SMAPE obtained across
three different runs with random initializations. Valida-
tion results for varying A-values are discussed in more
detail for the monthly subsets in Section 4.3 below.

To train the N-BEATS networks, we create training
batches with a fixed size which depends on the data
subset considered (see batch size in Table 3). As discussed
above in Section 3.1, training batches are randomized
in two ways: first, time series are sampled uniformly at
random with replacement; and second, for each selected
time series, a time step is sampled uniformly at random
from the forecasting origin range to create input-output
windows that can be used for training. The forecasting
origin range used to create input-output windows in all
cases comprises the most recent range available from
which samples can be created without giving rise to miss-
ing values. A larger forecasting origin range serves as a
counterweight to a smaller number of time series. Fi-
nally, note that, to ensure a fair comparison between
the N-BEATS and N-BEATS-S networks, we also feed the
lagged input-output windows to the standard N-BEATS
networks; however, the forecast instability component is
ignored by setting A = 0.

All networks are implemented and trained in PyTorch
(Paszke et al., 2019). For the implementation of a standard
N-BEATS network, we followed the description in Ore-
shkin et al. (2020) as closely as possible and used an
available PyTorch implementation' as a starting point.
Our N-BEATS-S code is available online at https://github.
com/KU-Leuven-LIRIS/n-beats-s. We use the Adam op-
timizer with default settings (Kingma & Ba, 2014) and
initial learning rates as specified in Table 3. While fore-
cast accuracy and stability results are reported in terms
of SMAPE and sMAPC in the next section (because they
are convenient to display and interpret), for training, we
use RMSSE and RMSSC, since the use of sMAPE makes

1 https://github.com/philipperemy/n-beats
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Forecast accuracy and stability performance on the M3 test sets. Lower values are better. The minimum value per column is

highlighted in bold.

Yearly Quarterly Monthly Other
SMAPE sMAPC SMAPE sMAPC sMAPE sSMAPC SMAPE sSMAPC

N-BEATS 10.81 8.42 7.34 4,01 11.45 3.67 273 251

N-BEATS weight decay 10.93 8.22 7.34 3.82 11.47 3.59 - -

N-BEATS dropout - - - - - - - -

N-BEATS T ensemble 10.78 8.25 7.25 3.81 11.39 3.72 2.68 2.39

N-BEATS origin ensemble 11.36 4.18 7.74 1.79 11.59 1.30 2.87 133

N-BEATS-S 10.85 7.93 7.37 3.61 11.38 2.62 273 2.26

N-BEATS-S weight decay 11.19 7.25 - - 11.41 2.57 - -

N-BEATS-S T ensemble 10.79 7.78 7.33 3.32 11.36 2.22 2.69 2.13

N-BEATS-S origin ensemble 11.42 3.94 7.78 1.63 11.59 1.01 2.88 1.20

ETS 11.30 8.09 7.04 4.07 11.34 3.21 2.59 1.88

ARIMA 11.29 9.11 7.29 4.31 11.70 3.16 2.59 2.11

THETA 11.25 7.35 7.00 3.87 11.28 2.96 2.59 1.84

Table 5
Forecast accuracy and stability performance on the M4 test sets. Lower values are better. The minimum value per column is highlighted in bold.
Yearly Quarterly Monthly Weekly Daily Hourly
SMAPE sMAPC sMAPE sMAPC sMAPE sMAPC sMAPE sMAPC sMAPE sMAPC sMAPE sMAPC

N-BEATS 8.14 7.99 7.81 431 9.11 3.83 6.63 4.28 2,07 0.87 9.26 3.76
N-BEATS weight decay - - 7.80 4.27 9.12 3.80 - - - - 9.05 3.53
N-BEATS dropout - - 7.80 4.32 9.19 3.89 - - - - - -
N-BEATS T ensemble 8.06 7.86 7.74 4.18 8.95 3.51 6.45 4.04 2.08 0.83 - -
N-BEATS origin ensemble 8.53 4.04 8.18 1.80 9.63 1.32 6.81 1.65 2.31 0.34 9.02 0.67
N-BEATS-S 8.13 7.54 7.83 3.61 9.11 2.83 6.56 3.17 2.10 0.81 8.93 2.94
N-BEATS-S weight decay - - - - 9.12 2.78 6.60 3.13 - - - -
N-BEATS-S T ensemble 8.04 7.42 7.75 3.42 9.01 2.48 6.42 2.93 2.10 0.78 - -
N-BEATS-S origin ensemble  8.55 3.81 8.25 1.56 9.70 1.06 6.89 1.30 2.34 0.32 8.86 0.55
ETS 8.70 7.07 8.07 4.37 9.98 4.37 6.51 3.26 2.15 1.12 14.96 6.53
ARIMA 8.77 7.71 8.22 4.49 9.78 4.15 6.37 3.06 221 1.18 26.89 6.63
THETA 8.72 6.38 8.13 4.12 10.07 3.80 6.79 3.29 2.09 0.94 14.71 5.63

training numerically unstable. Moreover, from a forecast
stability perspective, the use of a quadratic loss function
to quantify forecast instability is intuitive, since high lev-
els of forecast instability are particularly undesirable and
should therefore be assigned a relatively high cost. Finally,
although no data preprocessing is required as we rely on
these scale-independent loss functions, for the M3-other,
M4-yearly, and M4-weekly subsets, networks are built by
relying on standardized time series to avoid numerical
instabilities.

4.2. Results

Tables 4 and 5 summarize the test set results for the
M3 and M4 data sets, respectively. Performance measures
are first computed for each time series separately by
averaging their values across forecasting origins and then
averaged again across time series. If no improvement in
performance on the validation set was observed for an
N-BEATS(-S) extension, we did not produce results for the
test set.

First and foremost, by comparing the results of N-BEATS
and N-BEATS-S, we can conclude that there certainly
exist A-values that lead to considerable improvements in
forecast stability without causing a considerable loss in
forecast accuracy for all data subsets considered. More-
over, for the M4-hourly subset, and to a lesser extent for
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the M4-weekly and M3-monthly subsets, both forecast
accuracy and stability improve compared to standard
N-BEATS.

The simultaneous improvements in forecast stability
and forecast accuracy that are observed for some data
subsets indicate that including a forecast instability com-
ponent in the loss function can be considered an effective
time-series-specific regularization mechanism in certain
cases. Therefore, we compare the results of N-BEATS-S to
N-BEATS with weight decay and N-BEATS with dropout,
which are two frequently used regularization techniques
for neural networks. For both N-BEATS variants, we only
report a test set result if an improvement in validation
SMAPE over a standard N-BEATS network was found. For
N-BEATS in combination with dropout, in most cases,
there were no dropout probabilities that led to improve-
ments in validation sSMAPE, and if a non-zero dropout
probability was selected, no considerable changes in the
test set results were observed. The results for N-BEATS
with weight decay indicate that the effect of weight decay
on both forecast accuracy and forecast stability is rather
limited for the M4 data sets (except for M4-hourly). For
the M3 data sets, however, it results in forecasts that are
a bit more stable, but it is not as effective as N-BEATS-S
at improving forecast stability. The above observations
allow us to conclude that, although improving gener-
alization performance in terms of forecast accuracy is
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not the main objective of our proposed methodology,
in most cases, it outperforms traditional regularization
techniques from this generalization perspective. Finally,
the results for N-BEATS-S with weight decay are reported
as well. Also here, the effect of weight decay on both
forecast accuracy and forecast stability is limited for the
M3-monthly and M4 data sets, whereas for the M3-yearly
subset it results in a considerable further improvement in
forecast stability albeit at the cost of a decrease in forecast
accuracy.

Recall from Section 3.1 that ensembling was used
in the original N-BEATS paper to report test set per-
formance. In Oreshkin et al. (2020), an ensemble was
constructed based on 180 different N-BEATS networks
to report state-of-the-art performance on the M3 and
M4 competition data sets. By contrast, our N-BEATS(-S)
T ensembles are constructed of ten different networks
only, obtained by using five different random initializa-
tions for two different lookback window lengths T. Both
N-BEATS and N-BEATS-S T ensembles show improve-
ments in both forecast accuracy and forecast stability
compared to N-BEATS(-S) with only one lookback window
length T for nearly all subsets of the M3 and M4 data sets.
By comparing the results of the N-BEATS and N-BEATS-S
T ensembles, we can conclude that, although an ensemble
with standard N-BEATS networks as base models also
tends to result in more stable forecasts, the proposed
methodology to improve forecast stability is far more
efficient to that end. Finally, note that it is very likely that
forecast accuracy (and stability) can be further improved
by including more base models in the ensembles with
still other values for the lookback window length T (as
in Oreshkin et al., 2020). To this end, for the N-BEATS-S
T ensemble, adding these extra base models is computa-
tionally more expensive than for the N-BEATS T ensemble,
since we need to determine a suitable A-value for each
lookback window length T for the former.

While ensembles are generally used in forecasting
with the objective of improving forecast accuracy, in
a rolling forecasting exercise, an ensemble forecast to
directly reduce forecast instability can be constructed
without the need for extra base models. Indeed, by aver-
aging all available forecasts for a specific period and thus
reusing forecasts for the considered time period that are
made at previous forecasting origins with longer forecast
horizons, forecast instability is reduced by construction.
We report the results of such origin ensemble forecasts for
both N-BEATS and N-BEATS-S. The results for both the M3
and M4 data sets effectively show large decreases in fore-
cast instability compared to their respective N-BEATS(-S)
counterparts, with the origin ensembles resulting in the
two lowest SMAPC values for all data subsets. However,
this approach to ensemble construction appears to result
in a considerable loss in forecast accuracy for all subsets
except M4-hourly. For this data subset, the N-BEATS and
N-BEATS-S origin ensembles result in improvements in
both stability and accuracy, which is probably a con-
sequence of the large number of input nodes (7h with
h = 24) for this data subset, resulting in the effect of
ensembling on accuracy to weigh more heavily than the
effect of one additional data point.
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Finally, as benchmarks, we report the results for ETS,
ARIMA, and THETA forecasts for the evaluation schemes
considered in this paper. For the M3 data sets, in terms
of forecast stability, THETA consistently performs better
than ETS and ARIMA and also outperforms N-BEATS-S in
two out of four cases. Moreover, THETA also results in
the most accurate forecasts across all forecasting meth-
ods considered in three out of four cases. For the larger
M4 data sets, however, the benchmark forecasting meth-
ods are no longer competitive with the N-BEATS-S fore-
casts, as they are generally more stable and accurate. The
N-BEATS-S T ensembles give rise to further improvements
in forecast stability and forecast accuracy for all data sub-
sets considered. Finally, note that the poor performance
of ARIMA for the M4-hourly subset is due to the fact
that only non-seasonal ARIMA models are considered for
computational reasons.

A logical next step is to check whether the reported
differences in forecast accuracy and stability in Tables 4
and 5 are also statistically significant. To this end, we
visualize the results of multiple comparisons with the best
(MCB) tests (Koning, Franses, Hibon, & Stekler, 2005) for
the M3-monthly and M4-monthly data sets, in Figs. 4
and 5, respectively. The MCB results for the other subsets
are visualized in Appendix A for the M3 data set and in
Appendix B for the M4 data set. Essentially, MCB tests
are used to determine whether the average (across time
series) rank of each method is significantly different from
those of other methods. In the MCB plots, if the intervals
of two methods do not overlap, this indicates statistically
different performances.

The MCB results for the M3-monthly data set, vi-
sualized in Fig. 4, clearly confirm that the differences
in forecast accuracy and stability between N-BEATS and
N-BEATS-S are statistically significant, with N-BEATS-S
resulting in more stable and more accurate forecasts. For
the other subsets of the M3 data set (see Appendix A), the
differences in forecast stability are statistically significant
as well. However, in terms of accuracy, N-BEATS and
N-BEATS-S perform similarly. We further observe that
the origin ensembles perform significantly worse than
N-BEATS(-S) (T ensembles) and the benchmark methods
in terms of forecast accuracy, whereas they outperform
all other methods in terms of stability, with the next
best alternatives being N-BEATS-S (T ensemble) and the
benchmark methods.

For the M4-monthly data set (see Fig. 5), in terms
of forecast accuracy, we can clearly distinguish several
groups. The T ensembles statistically outperform all other
methods, and are followed by N-BEATS-S with and with-
out weight decay, which outperform the N-BEATS and
benchmark methods. In line with the results for the M3
data sets, the origin ensembles perform the worst in terms
of accuracy, but outperform all other methods in terms
of forecast stability, with the next best alternative being
the N-BEATS-S T ensemble. For the other subsets of the
M4 data set (see Appendix B), similar conclusions can be
drawn, except for the M4-hourly subset, for which the
origin ensembles perform well in terms of both forecast
accuracy and forecast stability.
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Fig. 4. MCB results for the M3-monthly data set.
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Fig. 5. MCB results for the M4-monthly data set.

4.3. Discussion

Based on the test results from Tables 4 and 5, we
conclude that A-values exist that yield improvements
in forecast stability while maintaining forecast accuracy.
Moreover, the results indicate that improvements in both
forecast stability and forecast accuracy can be achieved.
Therefore, we conjecture that the forecast instability loss
component £2 also acts as a regularization mechanism.
While £2 indirectly depends on the network parameters
W via the network outputs iﬂh“_l and Sr;llt, a regularization
term is typically a direct function of the model parame-
ters, i.e., 2(W), that imposes a penalty on model com-
plexity to reduce the generalization (test) error and/or to
avoid overfitting, possibly at the expense of an increase
in training error. The L1 and L2 norms of the weight
vector W that are added to a linear model in the case of
least squares regression, which are known as ridge and
lasso regressions (Hastie, Tibshirani, & Friedman, 2011),
respectively, are likely the best-known examples of reg-
ularization techniques. Adding the (squared) L2 norm of
the network parameters to the loss function is also a com-
monly used method in neural networks, known as weight
decay in neural network language, whereas in a (local)
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time series forecasting context, lasso regression is an
established method when exogenous information is used
in the forecasting process (see, e.g., Sagaert, Aghezzaf,
Kourentzes, & Desmet, 2018; Van Belle, Guns, & Verbeke,
2021).

The above regularization techniques all require the
selection of a hyperparameter that controls the impor-
tance of the regularization term. Similarly, determining a
suitable value for A to control the effect of the forecast
instability component on the optimization problem and
therefore the model outputs is of crucial importance. This
is discussed in the next section.

Validation set performance. The A-values that generate the
test set results are reported in Table 3 and are selected
based on minimizing the average sMAPE on the valida-
tion set obtained across three different runs with random
initializations. Fig. 6 visualizes the validation sMAPE and
validation sMAPC for different A-values and for both the
M3-monthly and M4-monthly data sets. Different random
seeds that impact network parameter initialization and
the generation of training batch sequences are used to
build models represented by different colors to enhance
the reliability of the results. Note that A = 0 represents
standard N-BEATS networks.
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Fig. 6. Effect of A on validation sMAPE (top panels) and sSMAPC (bottom panels) for tuned lookback window lengths T of 6h and 4h. (For the color
version of this figure, the reader is referred to the web version of this article.)

126

Idvis

125

124

Odvis

o= =

0.00 0.25 1.00

Lambda

(a) M3-monthly data set

3dVINS

9.1

9.0

89

88

OdviNs

0.25

0.50 0.75 1.00

Lambda

(b) M4-monthly data set

Fig. 7. Effect of A on validation SMAPE (top panels) and sMAPC (bottom panels) for lookback window lengths T = 8h. (For the color version of this

figure, the reader is referred to the web version of this article.)

Fig. 6 provides evidence in support of the above con-
clusions, since the sSMAPE and sMAPC values are smaller
than those of the standard N-BEATS network for (nearly)
all A-values visualized. For both data subsets, the val-
idation sMAPE first decreases as A increases and then
reaches a minimum value, as indicated in both cases for
A = 0.176, before rising again for larger A-values and
eventually worsening compared to the validation SMAPE
for N-BEATS (i.e., N-BEATS-S with A = 0). The evolution
of the validation sSMAPE with A-values thus follows the
typical pattern that is observed for regularization tech-
niques (see, e.g., Bishop, 2006). Fig. 7 shows similar results
for different N-BEATS-S networks with different lookback
window lengths T. Here, in contrast to what is observed
in Fig. 6, the best values for A are not equal for both
data sets; however, the best A-values for both the M3-
monthly and M4-monthly data sets do increase compared
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to Fig. 6, which is expected since there are more network
parameters for T = 8h. Furthermore, note that for the M3-
monthly data set, a larger value of A is better compared
to the M4-monthly data set, which is possibly due to the
smaller scale of the former (see Table 2).

In Fig. 8, we visualize the effect of weight decay and
dropout on the validation sMAPE and sMAPC for the M4-
monthly data set and a lookback window length of T =
4h (cf. panel (b) of Fig. 6). On the validation set, the
best weight decay results give rise to improvements in
forecast accuracy that are quite comparable to that of
N-BEATS-S with the selected A-value. However, as ex-
pected, although some improvement in forecast stability
is also observed for these weight decay results, the decline
in SMAPC is substantially stronger for N-BEATS-S with
the selected A-value (note that different y-axis ranges are
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Fig. 8. Effect of weight decay and dropout on validation SMAPE (top panels) and sMAPC (bottom panels) for the M4-monthly data set and lookback

window length T = 4h.

used in Figs. 6(b) and 8(a)). Finally, based on Fig. 8(b), we
observe that dropout does not seem to result in consider-
able improvements to either forecast accuracy or forecast
stability.

Learning curves. In this section, we illustrate and high-
light the ability of the forecast instability loss component
to prevent overfitting via a toy example. To this end, we
set up an additional experiment to simulate the avail-
ability of only a small data set; we only use the industry
subset of the M3-monthly data set (334 time series), and
we use the same training sample for each time series in
each batch; i.e., we use a single forecasting origin per time
series. Hyperparameters are similar to those reported in
Table 3 for the M3-monthly data set, except for the batch
size (256) and the number of iterations (2000). When
using deep learning models on small data sets, preventing
overfitting is of crucial importance. Fig. 9 visualizes the
effect of varying A on the evolution of training and val-
idation RMSSEs for the above experiment. The left panel
of the figure shows that for A > 0, training and validation
RMSSEs decrease more slowly and that the validation
RMSSE converges to a stable level, while the validation
RMSSE for a single standard N-BEATS network (A = 0)
indicates overfitting. The right panel of Fig. 9 clearly vi-
sualizes this observation. N-BEATS starts overfitting the
training data at approximately iteration 800. By assigning
some weight to the forecast instability during optimiza-
tion, N-BEATS-S with A = 0.18 only starts overfitting at
iteration 1000, whereas increasing A to 0.33 resolves the
overfitting problem. As such, A > 0 ensures that network
performance is less sensitive to the number of learning
iterations.

5. Conclusions and future research

Forecast instability induced by updating forecasts when
new observations become available potentially incurs cer-
tain costs. However, these costs are generally considered
to be outweighed by the benefits of forecast updating
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in terms of forecast accuracy improvements. Therefore,
point forecast generation and evaluation traditionally fo-
cus on forecast accuracy.

In this paper, we proposed an extension to the N-BEATS
deep learning architecture for the univariate time series
point forecasting problem. Our extension includes fore-
cast (in)stability in the learning phase by introducing
a composite loss function that considers both forecast
accuracy and stability. The experimental results presented
in Section 4 showed that the presented approach re-
sults in more stable forecasts without causing a loss
in forecast accuracy. As discussed in Section 2.2, in a
supply chain planning context, for instance, using stable
demand forecasts leads to fewer and smaller revisions to
supply plans and thus to lower associated supply chain
costs. However, as the experimental study showed, it is
possible to improve both forecast accuracy and forecast
stability by using the extended loss function (compared
to the original N-BEATS architecture). Therefore, we can
conclude that the proposed methodology for improving
forecast stability can be useful for forecasting applications
in general, since it appears to act as a time-series-specific
regularization mechanism.

Although we focused on the N-BEATS architecture, in
principle, the proposed composite loss function can be
used with any deep learning method for the univariate
time series point forecasting problem. Moreover, this idea
could potentially be generalized to a probabilistic fore-
casting setting as well, where instability can be captured,
for example, by the Kullback-Leibler divergence. We be-
lieve that the generalization to a probabilistic setting is
an interesting topic for future research, in addition to
testing the proposed methodology in combination with
the interpretable N-BEATS configuration and other deep
learning architectures for the univariate time series point
forecasting problem, as well as on other data sets. In this
respect, demand forecasting data sets are of special inter-
est given the importance of forecast instability in a supply
chain planning context. The fact that no supply-chain-
specific data sets were used to test our methodology can
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be considered a limitation of our study. Another limita-
tion is that we included fewer networks in our N-BEATS
ensembles compared to the original N-BEATS paper (Ore-
shkin et al., 2020): we only built models for one lookback
window length (or two for T ensembles) instead of six
different lengths (T = 2h, ..., 7h); we only used one type
of loss function (RMSSE for forecast error and RMSSC for
forecast instability) instead of three different loss func-
tions (MAPE, sMAPE, and MASE); and we used five instead
of ten different random initializations (for each of the
above combinations). Testing the presented methodology
in combination with larger ensemble models, therefore, is
also an important topic for future work.

Other possibilities for future research include direct
extensions of the proposed composite loss function and/or
modifications to the training scheme that is used. For in-
stance, by considering multiple lagged lookback windows
(shifted further back in time), we can take into account
multi-period forecast instability in the optimization prob-
lem as well. For example, in addition to $2(¥ajc—1, ¥ne),
we could also include $2(¥uc—2, §ne)- In this regard, it
is reasonable to downweight the importance of multi-
period forecast instability for increasing gaps between
the respective forecasting origins. As such, this possible
extension also raises new questions. In regard to the
training scheme that is used, in the exposition of the
proposed extension to N-BEATS for improving forecast
stability in Section 3.2, A is presented as a static hyper-
parameter that controls the extent to which the forecasts
produced by the network are influenced by the forecast
instability component. However, since we rely on gra-
dient descent to optimize the neural networks, adaptive
weighting schemes could alternatively be used to dynam-
ically balance the two loss components that constitute the
composite loss function, i.e., forecast error and forecast
instability.
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A final direction for future research concerns an inves-
tigation of the potential complementarity of the proposed
forecast instability loss component and other standard
regularization techniques. This would be an interesting
topic, since our experimental results indicate that extra
performance gains can be achieved in terms of both fore-
cast accuracy and forecast stability by using an ensemble
of N-BEATS-S networks with only two different lookback
window lengths T.
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Appendix A. MCB results for the other subsets of the
M3 data set

See Figs. A.1-A.3.

Appendix B. MCB results for the other subsets of the
M4 data set

See Figs. B.1-B.5.
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Fig. A.1. MCB results for the M3-yearly data set.
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Fig. A.2. MCB results for the M3-quarterly data set.
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Fig. B.1. MCB results for the M4-yearly data set.
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Fig. B.2. MCB results for the M4-quarterly data set.
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Fig. B.3. MCB results for the M4-weekly data set.
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Fig. B.4. MCB results for the M4-daily data set.
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Fig. B.5. MCB results for the M4-hourly data set.
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