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Resumo

A previsdo de procura no retalho alimentar € um problema tecnicamente exigente, impulsionado
pela elevada heterogeneidade dos portefélios de séries loja-produto, pela prevaléncia de padrdes de
procura intermitentes e esparsos, ¢ pela volatilidade introduzida por promog¢des e eventos sazonais.
Embora os métodos de aprendizagem profunda tenham demonstrado potencial neste dominio, a
evidéncia empirica sobre o seu valor pratico em condi¢cdes operacionais reais permanece limitada,
com poucos estudos a examinar simultaneamente precisdo, escalabilidade e robustez de forma
integrada. Esta dissertacdo aborda essa lacuna comparando trés arquiteturas globais de aprendiza-
gem profunda treinadas em dados operacionais reais de grande escala provenientes do conjunto de
dados M5 da Walmart.

Sdo avaliadas trés arquiteturas: uma rede Long Short-Term Memory (LSTM), o Temporal
Fusion Transformer (TFT), e uma variante ndo-autorregressiva do DeepAR designada DeepAR-
Direct. Todos os modelos sdo treinados globalmente sobre 30.490 séries loja-produto, utilizando
uma estratégia de previsao direta multi-passo, uma funcdo de perda de desvio de Tweedie, e hiper-
parametros selecionados por optimizacdo Bayesiana com validacdo cruzada de janela expansiva
com quatro parti¢des. A precisdo preditiva é avaliada face a modelos de referéncia estatisticos clds-
sicos e a solucdes de topo da competicdo M5. A escalabilidade € investigada em quatro cendrios
de portefélio com dimensdes entre uma e dez lojas. A robustez é analisada decompondo o erro
por série nas quatro classes de padrio de procura do esquema de classificacdo de Syntetos-Boylan
e relacionando a dificuldade de previsdao com propriedades das séries temporais extraidas com a
biblioteca ete_ts.

Os trés modelos de aprendizagem profunda superam consistentemente os modelos de referén-
cia cldssicos e os métodos globais de aprendizagem automética na métrica de precisdo ponderada,
alcancando melhorias de aproximadamente 23 a 25 por cento face ao modelo de referéncia Naive
Sazonal e margens de 2 a 3 pontos percentuais sobre os melhores modelos de referéncia cldssi-
cos. Entre as arquiteturas propostas, o TFT alcanca a melhor precisdo preditiva. A anélise de
escalabilidade revela que o DeepAR-Direct oferece o equilibrio mais favordvel entre precisio e
eficiéncia computacional, com tempos de treino entre duas e treze vezes inferiores aos do TFT e
configuragdes de hiperparametros estdveis ao longo dos diferentes cendrios. A andlise de robustez
identifica a procura Intermitente, que representa 73,3% do portefélio, como a principal fonte de
dificuldade de previsdo, com as trés arquiteturas a degradarem-se de forma semelhante a medida
que a procura se torna mais esparsa e irregular. Na classe Intermitente, a flutuacdo emerge como
a propriedade das séries temporais mais fortemente associada ao erro de previsao, com séries de
baixa flutuacdo a contribuirem para a cauda de elevado erro em todos os modelos.

Palavras-chave: Previsio de Procura e Retalho Alimentar @ Aprendizagem Profunda e
Séries Temporais e Escalabilidade e Robustez



Abstract

Accurate demand forecasting in food retail is a technically demanding problem, driven by the high
heterogeneity of store-item portfolios, the prevalence of intermittent and sparse demand patterns,
and the volatility introduced by promotions and seasonal events. Although Deep Learning (DL)
methods have shown promise in this domain, empirical evidence on their practical value under
real operational conditions remains limited, with few studies examining accuracy, scalability, and
robustness in a unified framework. This dissertation addresses that gap by comparing three global
DL architectures trained on large-scale real operational data from the M5 Walmart dataset.

Three architectures are evaluated: a Long Short-Term Memory (LSTM) network, a Temporal
Fusion Transformer (TFT), and a non-autoregressive variant of DeepAR referred to as DeepAR-
Direct. All models are trained globally across 30,490 store-item series using a direct multi-step
forecasting strategy, a Tweedie deviance loss, and hyperparameters selected through Bayesian
optimisation with four-fold expanding window cross-validation. Predictive accuracy is assessed
against classical statistical baselines and top-performing M5 competition solutions. Scalability
is examined across four portfolio sizes ranging from one to ten stores. Robustness is analysed
by decomposing per-series error across the four demand pattern classes of the Syntetos-Boylan
framework and relating forecast difficulty to time series properties extracted with the ete_ts
library.

All three DL models consistently outperform classical statistical baselines and global Machine
Learning (ML) methods on the weighted accuracy metric, achieving improvements of approxi-
mately 23 to 25 percent over the Seasonal Naive baseline and margins of 2 to 3 percentage points
over the best classical baselines. Among the proposed architectures, the TFT achieves the best pre-
dictive accuracy. Scalability analysis reveals that the DeepAR-Direct offers the most favourable
balance between accuracy and computational efficiency, with training times between two and thir-
teen times lower than the TFT and stable hyperparameter configurations across portfolio sizes.
The robustness analysis identifies Intermittent demand, which accounts for 73.3% of the portfo-
lio, as the primary source of forecast difficulty, with all three architectures degrading in a broadly
parallel fashion as demand becomes sparser and more irregular. Within the Intermittent class,
fluctuation emerges as the time series property most strongly associated with forecast error, with
low-fluctuation series contributing to the high-error tail across all models.

Keywords: Demand Forecasting e Food Retail @ Deep Learning e Time Series e Scalability e
Robustness
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UN Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs) provide a global framework for
achieving a better and more sustainable future for all. It includes 17 goals to address the world’s
most pressing challenges, including poverty, inequality, climate change, environmental degrada-
tion, peace, and justice.

The higher impact of the research presented here is reflected in SDGs where data-driven
decision-making and sustainable resource management are directly relevant. By developing and
evaluating advanced Deep Learning architectures for demand forecasting in food retail, the find-
ings contribute to reducing food waste along supply chains and to fostering technological innova-
tion in industrial settings, directly supporting the following goals:

SDG 9 promotes resilient infrastructure, inclusive industrialisation, and technological innovation
as drivers of sustainable economic development, recognising that scientific research and
upgraded technological capabilities are fundamental enablers of industrial progress.

SG 12 promotes sustainable consumption and production patterns, with a central ambition of
halving global food waste at the retail and consumer levels by 2030 and decoupling eco-
nomic growth from environmental degradation.

SDG Target Performance Indicators

and Metrics

Contribution

94 The adoption of Deep Learning methods for demand fore- Computational efficiency

casting modernises food retail operations by replacing less
efficient forecasting processes, enabling more resource-
conscious and sustainable industrial decision-making at

of developed architectures
as measured by training
time across forecasting

scale. scenarios of increasing
scale.
9
9.5 Three advanced Deep Learning architectures were devel- Forecast accuracy im-
oped, evaluated, and benchmarked against classical statis- provement of  Deep
tical and Machine Learning baselines on a large-scale real Learning architectures
operational dataset. over classical statistical.
12.2 By enabling more accurate demand forecasting at scale, Proportion of store-item
this study supports the reduction of unnecessary food pro- series for which forecast
duction and associated resource consumption, including accuracy surpasses the sea-
= energy, water, and raw materials. sonal naive baseline.
12.3 By improving the accuracy of demand forecasting at store-  Systematic forecast bias

item level, the study directly supports the reduction of food
waste at the retail level and along supply chains.

across store-item series as
measured by Bias.
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Chapter 1

Introduction

This chapter introduces the dissertation. Section 1.1 presents the food retail context and the main
challenges of demand forecasting, including volatility and product heterogeneity. Section 1.2 sets
out the motivation for this work and highlights the practical relevance of evaluating advanced Deep
Learning (DL) methods in real-world settings. Section 1.3 formulates the problem addressed, Sec-
tion 1.4 states the research questions that structure the remainder of the dissertation, and Section

1.5 describes its overall organisation.

1.1 Context

The food retail sector is a commercial activity of great relevance, not only in the food dimension
but also economically. It represents a significant share of the global market, with the total turnover
of european food retailers alone reaching €3.5 trillion in 2018 [73]. Since its origins, the sector
has evolved continuously and currently relies on Artificial Intelligence (Al)-based systems to im-
prove demand forecasting, that is, the estimation of the quantities of products that consumers will
purchase over a given period, and supply chain management [11]. These systems employ Machine
Learning (ML) algorithms to analyse historical data and exogenous variables in order to estimate
future demand with greater accuracy [11].

However, forecasting demand in food retail remains far from trivial. This complexity arises
from the high diversity of products commercialised. Moreover, inaccurate forecasts can lead to
significant consequences, such as stockouts or food waste [4]. This sector simultaneously deals
with fresh and long-life products, each with distinct characteristics and consumption patterns.
Fresh products, in particular, have short shelf lives, meaning that incorrect forecasts can quickly
lead to significant losses. Non-perishable products, although less sensitive over time, can also
generate storage costs if quantities are not correctly estimated. Thus, the diversity of the food
retail portfolio substantially increases the complexity of demand forecasting [3].

Additionally, demand in food retail exhibits high volatility due to multiple factors such as
seasonality, promotions, weather conditions, and market trends [1]. In highly promotional envi-

ronments, this volatility can lead to demand peaks up to 60 times higher than the baseline, followed
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by abrupt post-promotion drops [1], creating discontinuities that hinder modelling.

Given these challenges, demand forecasting accuracy becomes critical not only for operational
efficiency but also for the competitiveness and sustainability of the sector. Forecasting errors
propagate along the supply chain, amplifying inventory costs, compromising customer service
levels [76], and contributing to food waste. On the other hand, even modest improvements in
predictive accuracy can result in significant economic gains when scaled to the operational level
typical of the food retail industry [19]. In this context, it becomes essential to understand which
approaches are most effective in dealing with the volatility and complexity that characterise this

sector.

1.2 Motivation

Although there is extensive literature on demand forecasting, many studies remain confined to
public aggregated datasets or laboratory scenarios, without demonstrating practical feasibility in
real-world food retail contexts [19]. This disconnect is linked to challenges such as the integra-
tion of models with enterprise systems, as well as their scalability and interpretability in business
environments [61].

The urgency of addressing these challenges is evident in the economic and environmental im-
pacts of the sector. The contribution of retail to food waste varies significantly across regions
and periods, with estimates ranging from 5-12%. This variability reflects methodological limita-
tions in the quantification of the problem [78]. Inadequate demand forecasting systems have been
identified as a cause of waste within the food supply chain [62], with research involving industry
professionals revealing that data-driven forecasting methods have strong potential to reduce waste
in perishable products [4]. However, the transition of these capabilities from laboratory research
to operational-scale practice remains a recognised challenge.

Considering these challenges, it becomes imperative to develop and validate approaches that
not only demonstrate predictive accuracy in controlled environments but can also be effectively
implemented at operational scale. This dissertation, benefiting from access to large-scale real-
world data, aims to investigate the potential of advanced DL techniques under non-controlled
conditions. The goal is to contribute empirical evidence on whether these models can deliver
practical value in a sector where forecasting accuracy has direct consequences for both economic

performance and environmental sustainability.

1.3 Problem

There is a need to validate advanced techniques in real operational contexts. In response, this
dissertation focuses on applying and evaluating DL. models for demand forecasting in the food
retail sector. The empirical work is conducted using real operational data. The analysis focuses on
architectures such as Long Short-Term Memory (LSTM), Temporal Fusion Transformer (TFT),
and a variant of DeepAR.
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The central problem consists of assessing whether these models, when trained on large-scale
real-world data, can produce more accurate forecasts than traditional approaches. At the same
time, the study aims to determine whether they can effectively handle the heterogeneity of products
that exhibit distinct demand patterns. Furthermore, it investigates whether these models maintain
robust performance under conditions of high volatility, such as promotional periods or seasonal
events, and whether they can scale computationally to process thousands of time series simultane-
ously.

This problem lies at the intersection of methodological research and practical application, en-
compassing questions of predictive accuracy, computational scalability, and robustness to hetero-
geneous demand patterns. The use of large-scale real-world data enables a more comprehensive

empirical evaluation than studies confined to aggregated public datasets.

1.4 Research Questions

Based on the challenges identified and the problem formulated, this dissertation seeks to address

a set of research questions that guide the analysis and validation of the proposed approaches.

RQ1: To what extent can DL. models improve the accuracy of demand forecasting in the food retail
sector when trained on real operational data?
This question aims to evaluate the predictive accuracy of the proposed models on real data,
determining whether DL techniques offer significant improvements compared to classical

statistical and traditional ML methods, using error metrics suited to the food retail context.

RQ2: How do these models compare in terms of scalability when trained on an increasing number
of stores?
This question investigates how the computational cost and forecasting accuracy of each
DL model evolve as the number of stores in the training corpus increases, determining
whether the models can scale efficiently to larger retail portfolios without disproportionate

degradation in either dimension.

RQ3: How robust are these models when exposed to volatile and complex demand patterns in the
food retail sector?
This question examines whether the predictive performance of each DL model remains sta-
ble when confronted with demand patterns of varying complexity and irregularity across a

large-scale food retail portfolio.

1.5 Document Structure

This dissertation is organised into seven chapters. Chapter 2 introduces the foundational concepts
in time series analysis and deep learning that underpin the methodological choices made through-

out the study. Chapter 3 reviews the state of the art in demand forecasting for food retail, covering
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the main technical challenges, the DL architectures most relevant to this setting, and the consid-
erations that motivate the experimental design. Chapter 4 formalises the forecasting problem and
documents the modelling decisions shared across all three architectures. Chapter 5 describes the
dataset, feature engineering, experimental pipeline, evaluation metrics, and computational infras-
tructure used throughout the empirical work. Chapter 6 presents the results of the three research
questions, covering predictive accuracy, scalability, and robustness to heterogeneous demand pat-
terns. Chapter 7 draws conclusions from the empirical findings and outlines directions for future

work.



Chapter 2
Background

This chapter introduces the foundational concepts that underpin the work presented in this dis-
sertation. Section 2.1 covers the fundamental properties of time series, including their structural
components, stationarity, autocorrelation, and the evaluation and forecasting strategies relevant to
sequential data. Section 2.2 introduces the core principles of neural networks and DL, covering
the building blocks of modern architectures, the mechanisms by which they are trained, and the
techniques used to improve their generalisation. The concepts introduced here are assumed as

prior knowledge throughout the remainder of the study.

2.1 Time Series

A time series is a sequence of observations indexed in chronological order, formally defined as
{yt}thl , where y, € R denotes the value of the variable of interest at time ¢ and T is the total num-
ber of observations. The defining characteristic of a time series is that the ordering of observations
is not arbitrary: the temporal index carries information about the data-generating process, and
the value at any given time step may depend on values observed at previous steps. This tempo-
ral dependence distinguishes time series analysis from cross-sectional statistical methods, where
observations are assumed to be independent [6].

Time series arise naturally in a wide range of domains, from economics and finance to meteo-
rology and retail operations [30]. In the context of demand forecasting, the variable of interest is
typically the quantity of a product sold over successive time periods, and the objective is to exploit

the structure present in the historical sequence to produce reliable estimates of future values [76].

2.1.1 Univariate and Multivariate Time Series

A univariate time series consists of a single sequence of observations indexed in time, {y,},,
where the goal is to model the evolution of one variable over time. In the forecasting setting,
predictions of future values rely exclusively on the past history of that same variable.

A multivariate time series extends this to a collection of M variables observed simultaneously

at each time step, represented as a sequence of vectors {y,}tT: | Where y, € RM . In this setting,



Background 6

the observation at each time step carries information about multiple variables, and the forecasting
model can exploit relationships across variables to improve predictions. A special case arises
when the goal is to forecast only a subset of the M variables whilst using the remaining ones
purely as inputs, a formulation commonly adopted when external signals are available to inform
the forecast [44].

2.1.2 Components of a Time Series

The observed values of a time series are commonly understood as the superposition of several un-
derlying components, each capturing a distinct aspect of the data-generating process. The classi-
cal decomposition framework expresses the observed series as a combination of four components:
trend, seasonality, cyclical variation, and an irregular component [53].

The trend component 7; describes the long-run direction of the series, capturing sustained
increases or decreases in the level of the variable over time. In retail demand, trend may reflect
gradual shifts in consumer preferences, population growth, or the progressive expansion of a prod-
uct’s presence in the market.

The seasonal component S; captures periodic fluctuations that recur at fixed and known in-
tervals, such as daily, weekly, or annual cycles. Seasonality in retail is particularly pronounced,
with demand for many products exhibiting strong weekly patterns driven by shopping behaviour,
as well as annual cycles associated with holidays and promotional calendars [19].

The cyclical component C; refers to medium-to-long-term oscillations that are not of fixed
periodicity, often associated with broader economic cycles. Unlike seasonality, cyclical variation
does not follow a rigid calendar schedule and is therefore harder to model explicitly.

The irregular component &, also referred to as the residual or noise component, captures the
portion of the observed series that cannot be attributed to any of the systematic components above.
It is typically assumed to be a zero-mean random process with finite variance [6].

These components can be combined in two canonical ways. The additive decomposition as-

sumes that the components sum linearly, as shown in Eq. 2.1:
vi=T+8+C+& 2.1
whilst the multiplicative decomposition assumes that they interact, as defined in Eq. 2.2:
vi=1-5C- & (2.2)

The choice between the two depends on whether the amplitude of seasonal fluctuations grows
proportionally with the level of the series. When seasonal swings scale with the trend, the multi-
plicative form is more appropriate; when they remain constant in absolute terms, the additive form

is preferred [30].
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2.1.3 Stationarity

A time series is said to be strictly stationary if its joint probability distribution is invariant to
shifts in time, meaning that the statistical properties of the series do not change as a function
of when they are measured. In practice, a weaker condition is typically assumed: a series is
covariance stationary, or weakly stationary, if its mean and variance are constant over time and
its autocovariance depends only on the lag between observations, not on the absolute time index.

Formally, a process {y, } is weakly stationary if:

Ely|=n Vvt 2.3)
Var(y;) =062 <o Wt (2.4)
Cov(ys,yr—x) = y(k) Vt,k (2.5)

where u and 62 are constants and y(k) depends only on the lag k.

Stationarity is a foundational assumption of many classical time series models, as it ensures
that the patterns estimated from historical data remain valid for future periods [6]. Non-stationary
series, which exhibit time-varying means or variances, violate this assumption and can lead to spu-
rious statistical relationships if analysed without appropriate transformation. Common sources of
non-stationarity include deterministic trends, which can be removed by differencing or detrending,
and heteroscedasticity [6], where the variance of the series changes over time. In retail demand,
non-stationarity is pervasive: promotional events, seasonal peaks, and structural shifts in con-
sumer behaviour all introduce time-varying statistical properties that challenge the assumptions of

stationary models [19].

2.1.4 Autocorrelation

A central concept in time series analysis is the dependence between observations separated by a

given number of time steps. The autocovariance at lag k is defined as shown in Eq. 2.6:

Y(k) = Cov(yr,yi—k) = E[(ye — ) (r—& — 1)) (2.6)

Normalising by the variance yields the Autocorrelation Function (ACF), defined in Eq. 2.7:
pk) == 2.7

where p(k) € [—1,1] measures the linear dependence between y; and y; ;. The ACF provides
a compact summary of the temporal memory of a series: a slowly decaying ACF indicates that
observations remain correlated over long lags, whilst a rapidly decaying ACF suggests that the
series has short memory and recent observations carry most of the predictive information.

A complementary tool is the Partial Autocorrelation Function (PACF), which measures the
correlation between y, and y,_ after removing the linear influence of all intermediate lags y;_1, ...,

Vi—k+1. Together, the ACF and PACF are used to identify the order of autoregressive and moving
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average components in classical time series models [6], and they provide intuition about the lag

structure that forecasting models must capture to produce accurate predictions.

2.1.5 Temporal Evaluation Strategies

A fundamental constraint in time series analysis is that the temporal ordering of observations must
be respected throughout the modelling pipeline. Unlike cross-sectional data, where observations
are exchangeable and a random partition into training and test sets is appropriate, time series data
exhibit temporal dependencies that make random splitting invalid. Assigning future observations
to the training set and past observations to the test set would allow the model to learn from infor-
mation that would not be available at prediction time, a phenomenon known as data leakage [37].
To avoid this, any evaluation protocol must ensure that the model is always trained exclusively on
observations that precede the evaluation period in time.

The simplest temporally valid evaluation strategy is a single holdout split, in which the series
is divided at a fixed cutoff point into a training segment and a test segment. Whilst straightforward
to implement, this approach has a limitation: the estimate of generalisation performance depends
entirely on the characteristics of the single test window chosen. If that window happens to coin-
cide with an atypical period, such as an unusually volatile season or a structural shift in demand,
the resulting performance estimate may not be representative of the model’s behaviour across a
broader range of conditions.

Walk-forward validation addresses this limitation by evaluating the model across multiple tem-
porally ordered train-test splits [8, 77]. In the expanding window variant, the training set grows
with each fold whilst the test window advances forward in time, so that each fold evaluates the
model on a distinct and non-overlapping segment of the series. This produces multiple perfor-
mance estimates that collectively cover a wider range of temporal conditions.

A complementary concept is the sliding window procedure, used to generate training samples
from a long time series. Rather than treating the entire training segment as a single observation, the
series is divided into overlapping input-output pairs by advancing a fixed-length window across the
available history. Each sample consists of a lookback window of length L, containing the historical
observations used as model input, followed by a prediction horizon of length A, containing the
future values the model is trained to forecast. The window is advanced by a fixed stride s at each
step, so that consecutive samples overlap by L+ h — s time steps. The choice of stride controls
the trade-off between sample diversity and redundancy: a stride of one maximises the number of
training samples but introduces high overlap between consecutive windows, whilst a larger stride

reduces redundancy at the cost of fewer samples.

2.1.6 Multi-step Forecasting Strategies

Many practical forecasting tasks require predictions not just one step ahead, but across an extended
future horizon of / steps. Given a time series {y, }/_, and a lookback window of length L, the multi-

step forecasting problem consists of predicting the vector yr1.7+n = (V741,Y7+25 - - -, Y7 44) from
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the observed history yr_r 1.7 and any available covariates. Several strategies exist for structuring
this prediction problem, each making different assumptions about how the & future values are
produced [5].

The recursive strategy produces multi-step forecasts by applying a one-step-ahead model re-
peatedly. At each step k, the model generates a prediction V7,4, which is then appended to the
input window to produce the prediction at step k + 1, as illustrated in Eq. 2.8:

$r4k = fOT—L4kT+h—1), k=1,....h (2.8)

The direct strategy instead produces all A future values simultaneously from the observed

history, without conditioning on intermediate predictions, as shown in Eq. 2.9:

G141 I740) = FOT-L+1:7) (2.9)

Here, a single model f produces all & predictions in a single forward pass, with no dependency on
previously generated outputs.
Each of these strategies represents a different decomposition of the multi-step forecasting

problem.

2.2 Neural Networks and Deep Learning

Artificial neural networks are computational models inspired by the structure of biological neural
systems [23]. At their core, they are function approximators: given an input, a neural network
applies a sequence of parametric transformations to produce an output, and the parameters are
adjusted during training so that the output matches a desired target as closely as possible. The
power of neural networks derives from their ability to learn complex, non-linear mappings from

data without requiring the modeller to specify the functional form explicitly [40].

2.2.1 The Perceptron and Feedforward Networks

The fundamental building block of a neural network is the neuron, or unit, which computes a
weighted sum of its inputs and passes the result through a non-linear function. For a single neuron

receiving an input vector x € R?, the output is given by Eq. 2.10:
z=f(w'x+b) (2.10)

where w € R? is a vector of learnable weights, b € R is a bias term, and f(-) is a non-linear

activation function. A single neuron of this form is known as a perceptron, and whilst it can

represent linear decision boundaries, it cannot capture non-linear relationships on its own.
Stacking multiple neurons into layers and connecting them sequentially yields a feedforward

neural network, also referred to as a Multi-Layer Perceptron (MLP). In such a network, the output
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of one layer serves as the input to the next, and the composition of multiple non-linear transforma-
tions allows the network to represent increasingly abstract features of the input. A network with

N layers computes the function defined in Eq. 2.11:
) — ¢ (W(”)h("’l) +b(">) Con=1,...N @2.11)

where 1(?) = x is the input, W ™) and b(") are the weight matrix and bias vector of layer n, and V) is
the final output. The depth of a network, measured by its number of layers, and its width, measured
by the number of units per layer, together determine its representational capacity. Networks with
more than one hidden layer are referred to as deep neural networks, and the field concerned with

their design and training is known as DL [23].

2.2.2 Activation Functions

The choice of activation function f(-) is a fundamental design decision, as it determines the non-
linearities that the network can represent. Without non-linear activations, the composition of linear
transformations reduces to a single linear map, collapsing the expressive power of the entire net-
work regardless of its depth.

The sigmoid function, defined as o(x) = 1/(1+e*), maps any real input to the interval (0, 1)
and was historically the default choice for hidden layers. However, its saturating behaviour for
large positive or negative inputs causes gradients to vanish during backpropagation [2], slowing or
preventing learning in deep networks.

The Rectified Linear Unit (ReLLU), defined as ReLU (x) = max(0,x), addresses this by main-
taining a constant gradient for positive inputs whilst zeroing negative ones. Its computational
simplicity and resistance to vanishing gradients have made it one of the most used activation func-
tions in modern DL [26]. A smooth approximation of ReLU is the Softplus function [21], defined
as Softplus(x) =log(1+ €*), which approaches zero asymptotically for large negative inputs and
grows linearly for large positive ones. Unlike ReLLU, Softplus is differentiable everywhere, which
makes it particularly suitable when the output must be strictly positive and gradient continuity is
required throughout training.

The Exponential Linear Unit (ELU) [10], defined in Eq. 2.12:

ELUG) = x>0 2.12)
X) = .
o(e*—1) ifx<0

extends ReLLU by producing negative outputs for negative inputs, which helps push the mean
activations of each layer closer to zero and can accelerate convergence.
2.2.3 Loss Functions

A loss function is a scalar-valued function that quantifies the discrepancy between the predic-

tions produced by a model and the corresponding target values. Given a set of n observations
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{(xi,yi)}1,, a loss function .Z’(0) maps the model parameters 6 to a non-negative real number
that summarises how poorly the model performs on the training data. The smaller the value of
Z(0), the closer the model’s predictions are to the observed targets.

The loss function serves two distinct purposes in the training of neural networks. First, it
defines the optimisation objective: training consists of finding the parameter values that minimise
Z(0) over the training set. Second, it encodes an implicit assumption about the distribution of the
target variable, since different loss functions correspond to the negative log-likelihood of different
probability distributions [23]. The choice of loss function is therefore a modelling decision that
should reflect the statistical properties of the data, ensuring that the training objective is aligned

with the underlying data-generating process.

2.2.4 Backpropagation and Optimisation

Training a neural network consists of finding the parameter values that minimise a loss function
Z(0). This is an optimisation problem in a high-dimensional parameter space, and it is solved
iteratively using gradient-based methods.

The gradient of the loss with respect to all parameters is computed efficiently using backprop-
agation, an algorithm that applies the chain rule of calculus to propagate error signals from the
output layer back through the network [67]. For a network with N layers, the gradient with re-
spect to the parameters of layer n is obtained by multiplying the local gradient at that layer by the

upstream gradient passed from layer n + 1, as shown in Eq. 2.13:

0¥ 0% ohn

oW — gp  gwm (2.13)

Once the gradients are available, the parameters are updated using an optimisation algorithm. The
simplest such algorithm is Stochastic Gradient Descent (SGD), which updates the parameters in
the direction of the negative gradient computed on a randomly sampled mini-batch of training
examples, as shown in Eq. 2.14:

0« 60-—-nVeZ(0) (2.14)

where 1) is the learning rate, a hyperparameter that controls the step size of each update. Whilst
SGD is straightforward, it can exhibit slow convergence and sensitivity to the choice of learning
rate. Adaptive optimisers address this by maintaining per-parameter learning rates that are adjusted
based on the history of gradients. The Adam optimiser, which is used throughout this study,

combines momentum, an exponentially weighted moving average of past gradients, with adaptive
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scaling based on the squared gradients [38]:

my = Bimy—1 + (1 —B1)g (2.15)
v = Bovi1 + (1 - Ba)g? (2.16)
6,=6_1—7- 1 (2.17)

Vi +e

where g; is the gradient at step 7, B; and 3, are decay rates, and /i, and ¥, are bias-corrected
estimates of the first and second moments of the gradient. Adam is adopted in DL for its robustness

to hyperparameter choices and its fast convergence on a broad range of tasks [66].

2.2.5 Regularisation

A central challenge in training neural networks is overfitting, which occurs when the model learns
to reproduce the training data too closely, capturing noise rather than the underlying pattern, and
consequently generalises poorly to unseen examples Regularisation refers to a collection of tech-
niques designed to reduce overfitting by constraining the complexity of the learned function.
Weight decay, also known as L2 regularisation, adds a penalty term to the loss function pro-

portional to the squared magnitude of the parameters, as shown in Eq. 2.18:
Free(0) = L(0) + 1|6 (2.18)

where A controls the strength of the penalty. This discourages the network from assigning large
weights to any individual parameter, promoting smoother and more generalisable solutions.
Dropout is a stochastic regularisation technique that operates during training by randomly
setting a proportion p of the activations in a given layer to zero at each forward pass [74]. This
prevents individual neurons from co-adapting too closely to specific training examples, as no unit
can rely on the consistent presence of any other. At inference time, dropout is disabled and the
activations are scaled by 1 — p to preserve the expected magnitude of the outputs. Dropout has
proven highly effective across a wide range of architectures and is particularly useful in deep

networks where the risk of overfitting grows with model capacity [74].

2.2.6 Embeddings

Many real-world datasets contain categorical variables, such as product identifiers, store locations,
or day-of-week labels, that cannot be fed directly into a neural network as raw integer codes.
Assigning arbitrary integers to categories implies a spurious ordinal relationship that the network
may exploit during training, leading to poorly calibrated representations.

Embeddings address this by mapping each categorical value to a dense vector of continuous
values in a lower-dimensional space [24] RE, where E is the embedding dimension. Formally,

given a vocabulary of V distinct categories, an embedding layer is a learnable matrix E € RV*£ |
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and the embedding of category i is the i-th row of this matrix. The embedding vectors are initialised
randomly and updated during training alongside the other parameters of the network, allowing the
model to learn a representation in which semantically or statistically similar categories are mapped
to nearby points in the embedding space.

This learned geometry can capture latent structure that would be invisible to one-hot encod-
ings or raw integer codes. In the context of retail demand forecasting, product and store identifiers
embedded in this way allow the model to discover shared patterns across items with similar de-
mand profiles or across stores with similar customer behaviour, without requiring any explicit

hand-crafted features to encode these relationships.



Chapter 3

State of the Art

This chapter synthesises the state of the art in demand forecasting for food retail, with particular
emphasis on DL approaches for time series. Section 3.1 outlines the key technical challenges in
retail demand, including intermittency, sparsity, and non-stationarity. Section 3.2 reviews the main
DL architectures for time series forecasting, covering recurrent, attention-based, and autoregres-
sive approaches. Sections 3.3 and 3.4 discuss probabilistic forecasting and uncertainty, as well as
scalability considerations and the role of global models in large-scale retail settings. Section 3.5
examines the integration of exogenous variables and the practical constraints associated with their

use. Section 3.6 summarises the main conclusions drawn from the reviewed literature.

3.1 Technical Challenges in Retail Forecasting

At store-item level, food retail demand forecasting is technically challenging because the underly-
ing process is neither stable nor dense: observations are often sparse, demand can be intermittent,
and the statistical properties of the series may shift over time. These characteristics affect both
model fit and evaluation under realistic temporal settings, and they limit the extent to which mod-
els can generalise across products. This section summarises the main challenges that motivate the

methodological choices discussed in the subsequent sections.

3.1.1 Limitations of Traditional Approaches

The complexity of forecasting in the food retail sector does not stem solely from data volume,
but from the intrinsic characteristics of the underlying time series. Operational retail data is often
high-dimensional, non-linear, and volatile, which can challenge the theoretical assumptions of
traditional statistical models [12, 56].

Historically, approaches such as Autoregressive Integrated Moving Average (ARIMA) or Holt-
Winters Exponential Smoothing have remained widely used due to their simplicity and inter-
pretability. However, these parametric models typically rely on stationarity (often achieved through
differencing) and on distributional assumptions that are convenient for estimation and inference [16].

In the context of modern food retail, these assumptions may be challenged by complex consumer

14
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behaviour and promotional dynamics [63]. As noted in [71], transforming series to enforce sta-
tionarity may attenuate information related to long-term trends and seasonal structure, limiting the
ability of these methods to capture the multi-faceted nature of retail demand.

The heterogeneity within product portfolios further complicates forecasting. Retailers must
forecast demand for thousands of distinct products simultaneously, ranging from fast-moving
goods to intermittent slow movers [70]. Traditional approaches are typically trained indepen-
dently for each time series, treating each product in isolation [57]. This univariate perspective
ignores potential relationships between products and assumes that sufficient historical data exists
for each individual series. For products with limited sales history or irregular demand patterns, the
resulting forecasts can exhibit high variance and poor out-of-sample performance [9].

Moreover, traditional methods can face difficulties in representing non-linear relationships
between demand and its drivers. Linear models cannot adequately capture complex interactions
that characterise retail environments [44, 63]. These methodological constraints limit the ability

of classical approaches to adapt to the diverse and dynamic nature of food retail demand [12, 16].

3.1.2 Sparsity and Intermittency

A defining characteristic of food retail datasets is the prevalence of intermittent demand patterns,
often resulting in “zero-inflated” time series. While aggregated sales figures may appear relatively
smooth, store-item series frequently contain extended runs of zero observed sales [57]. This spar-
sity poses a fundamental challenge for forecasting models, as the abundance of zero values can
dominate the training signal and bias standard regression objectives, particularly those minimising
Mean Absolute Error (MAE), towards conservative predictions close to zero [60]. The resulting
forecasts tend to underestimate demand during periods of non-zero sales [39]. Figure 3.1 illus-
trates the heavy-tailed concentration of sales across items, in which many products exhibit a very

low sales frequency.

log number of items

log number of sales

Figure 3.1: Long-tailed distribution of item sales frequency (log—log scale), highlighting the preva-
lence of low-activity items in retail datasets [70].

This sparsity phenomenon is further complicated by the distinction between genuine lack of
demand and censored demand. As highlighted in [54], a recorded zero in historical sales data is

ambiguous: it may represent a day where no customers wished to purchase the product, or a day
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where the product was unavailable due to stockout, rendering the demand unobservable. Training
a model on raw sales data without correcting for these stockouts can introduces a structural error,
as the model learns to predict low sales during periods where potential demand might have been
high. For products with frequent stockouts, this can lead to systematic underestimation of true
demand potential [54].

The sparsity of demand data creates specific modelling challenges beyond the censoring prob-
lem. For slow-moving items, the limited number of non-zero observations provides limited infor-
mative signal, making it difficult to distinguish genuine patterns from noise [9, 60]. Moreover,
the preponderance of zeros can obscure temporal dependencies. Models may struggle to learn
meaningful dynamics when most observations are identical (zero), leading to forecasts that fail
to anticipate the timing and magnitude of actual sales events [33]. This challenge is particularly
acute for new products or items with seasonal demand, where the scarcity of relevant historical

data exacerbates the sparsity problem [13].

3.1.3 Volatility and Non-Stationarity

Retail time series are non-stationary, manifesting through abrupt changes in level and variance
that may be interpreted as structural breaks in the data [49]. Rather than purely random fluctua-
tions, volatility in retail demand is frequently associated with observable events, such as promo-
tional campaigns or “calendric special days”, which can temporarily alter the underlying demand
regime [63]. During these periods, the distribution of sales can diverge from recent history, gener-
ating peaks that are orders of magnitude higher than the baseline [49]. In this context, this effect
is particularly pronounced in perishable categories, where price sensitivity contributes to volatility
relative to more stable product lines [16].

This instability also exhibits substantial heterogeneity across store locations, seasons, and
product categories [35]. As relationships between inputs and demand can evolve over time. Mod-
els trained on relatively stable periods may degrade during high-volatility seasons due to shifts in
the underlying data-generating process [33]. The dynamic nature of retail environments means that
patterns identified in historical data may not remain valid: promotional strategies change, compet-
itive dynamics shift, and consumer preferences evolve [58, 79]. Moreover, the interaction between
volatility and other data characteristics amplifies forecasting difficulty. For instance, promotional
events not only create demand spikes but can also induce post-promotion dips as customers antici-
pate future offers or deplete their inventory [16, 29]. These temporal dependencies and non-linear
effects challenge the assumption of stable statistical relationships that underlies many traditional

forecasting approaches [44, 71].

3.2 Deep Learning Architectures for Time Series

The modelling response to these challenges is to use architectures that can represent temporal con-

text more flexibly and generate forecasts over multiple horizons. This section describes the main
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DL architectural choices for time series forecasting, distinguishing between model architectures

that encode temporal dependencies and forecasting strategies that produce multi-step outputs.

3.2.1 Recurrent Neural Networks and Hybrid Architectures

Early DL approaches to modelling the sequential nature of demand forecasting commonly relied
on Recurrent Neural Networks (RNNs). Unlike feed-forward networks, RNNs process data se-
quences by maintaining an internal memory state, allowing previous inputs to influence current
outputs [28]. However, standard RNNs struggle with learning dependencies over long sequences
due to the vanishing gradient problem [12]. To address this, the LSTM architecture introduced
a gating mechanism that regulates the flow of information, enabling the model to retain relevant
long-term patterns while discarding noise [27]. Empirical studies in retail contexts indicate that
LSTMs often outperform traditional statistical baselines like Seasonal Autoregressive Integrated
Moving Average (SARIMA) in categories with complex seasonality [15]. However, some research
notes that this advantage may diminish in highly volatile product categories where statistical meth-
ods remain competitive [16].

To further enhance the capacity of recurrent models to capture temporal context, researchers
have explored Bidirectional LSTMs (BiLSTMs). While standard LSTMs process data only from
the past to the future, BILSTMs process the sequence in both directions simultaneously. This
architecture allows the network to learn from both forward and backward dependencies within the
observed input window, which has been found to be particularly effective in capturing non-linear
demand fluctuations compared to unidirectional models [34, 55].

A significant evolution in this domain involves architectural hybridisation, specifically the
combination of Convolutional Neural Networks (CNNs) with LSTMs. In this sequential design,
the CNNs layers function as feature extractors, applying filters to raw input data to identify local
patterns or reduce noise before passing the refined features to the LSTM for temporal modelling.
Research suggests that this CNN-LSTM approach can capture salient patterns more effectively
than LSTMs alone, particularly in datasets characterized by high dimensionality and noise [59,
68].

Beyond feature extraction, hybrid architectures have also been designed to decouple linear
and non-linear patterns. For instance, sequential frameworks have been proposed where an LSTM
models the primary temporal trend, while a secondary algorithm, such as Random Forest (RF), is
trained specifically on the residuals to capture variance driven by external factors that the recurrent
network missed [63]. Similarly, to address the specific challenge of intermittent demand in e-
commerce, hybrids have been developed that switch between LSTMs and classical parametric
methods based on product categorisation, ensuring that the model architecture aligns with the
underlying data distribution [60]. Overall, these studies reflect a shift from using pure recurrent

networks towards composite architectures designed to mitigate specific structural weaknesses.
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3.2.2 Attention Mechanisms and Transformers

Despite their suitability for sequential data, recurrent networks rely on inherently sequential com-
putation, which limits training efficiency and the capture of long-range dependencies [49]. To
overcome these barriers, the DL paradigm evolved towards self-attention mechanisms, which pro-
cess the entire temporal sequence simultaneously. However, unlike RNNs, the standard Trans-
former architecture lacks an inherent understanding of order. To address this, time series adapta-
tions employ positional encodings, such as the learnable Time2Vec representations used in [43], to
inject temporal context, capturing periodic and non-periodic patterns inherent in retail seasonality.

A commonly noted structural advantage of this family is the shift from recursive decoding
to direct multi-horizon forecasting. Traditional RNNs typically generate predictions step-by-step,
leading to error accumulation over long horizons [83]. In contrast, attention-based architectures
employ decoders that generate forecasts for multiple future time steps simultaneously. This non-
autoregressive strategy preserves the integrity of the prediction window, which can improve ro-
bustness over longer planning horizons, as demonstrated in recent comparative studies against
LSTMs [82].

Despite these advantages, the canonical Transformer incurs quadratic computational complex-
ity (O(L?)) regarding sequence length, which can limit practical applicability for high-frequency
data [17]. This limitation has driven the development of efficient variants tailored for long-term
forecasting. For instance, the Autoformer [81] replaces point-wise self-attention with an auto-
correlation mechanism, reducing complexity to O(L logL) while integrating a series decomposi-
tion block deep within the architecture to progressively separate trend and seasonality. Similarly,
sparse-attention models like the Informer have been explored to handle long sequences, although
recent research [7] suggests that in retail contexts, the inclusion of explanatory variables may
outweigh the benefits of complex sparse mechanisms.

In the specific context of heterogeneous retail data, the TFT [44] is widely used as a bench-
mark architecture. Unlike standard Transformers that treat all features uniformly, the TFT is
purpose-built to align multi-modal data. It structurally distinguishes between static covariates
(time-invariant attributes), historical inputs (observed only in the past), and known future inputs
(deterministically known variables). Through specialised components like Variable Selection Net-
works (VSNs) and Gated Residual Networks (GRNs), the model dynamically suppresses irrelevant
features and aligns these distinct input streams without manual engineering [44, 71].

Beyond predictive accuracy, attention mechanisms offer a distinct advantage in interpretability.
By examining attention weights, stakeholders can gain indications of which past time steps or
specific features contributed most to a prediction, providing a level of transparency often lacking
in black-box models [18, 44]. Nevertheless, given the computational cost of attention layers,
recent research has proposed lighter alternatives such as TSMixer [14]. This approach attempts to
replicate the mixing of temporal and feature information using MLPs alone, questioning whether

complex attention mechanisms are necessary for all forecasting tasks.
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3.2.3 Autoregressive Neural Forecasting

Autoregressive neural forecasting follows a recursive formulation, where the prediction at the next
time step conditions on values observed or predicted in previous steps. This paradigm allows
the model to capture complex temporal dynamics and update its internal representation over the
forecast horizon. However, a central limitation of this recursive approach is the phenomenon
of error accumulation. Since the model consumes its own predictions as inputs for subsequent
steps during inference, slight deviations in the early stages can propagate and accumulate [83].
This contrasts with the direct multi-horizon approaches discussed in the previous section, which
predict all future steps jointly to avoid this recursive degradation [69, 82].

To mitigate these stability issues, specific training strategies are employed to bridge the gap
between learning and deployment. The standard approach, known as teacher forcing, conditions
on ground-truth observations during training, whereas the model must rely on its own generated
predictions during the inference phase. This discrepancy, often termed exposure bias, can be detri-
mental in volatile retail environments. Recent research has addressed this by introducing rolled
training strategies, where the model is trained by conditioning on its own generated predictions
rather than exclusively on ground truth, aligning the training process more closely with the infer-
ence mechanics to improve robustness against noise [33].

This autoregressive logic can be implemented in different ways, including encoder—decoder
(Sequence-to-Sequence) formulations that condition on a historical context window and generate
future values step-by-step [55]. Separately, a prominent example of autoregressive neural fore-
casting is the DeepAR architecture [70], which uses recurrent networks (typically LSTMs) trained
across multiple time series to learn shared patterns.

Recent literature indicates that the evolution of the DeepAR architecture has been driven by
three distinct operational objectives: improving stability in intermittent data, enhancing computa-
tional efficiency, and increasing sensitivity to structural breaks. Regarding stability, in [33] pro-
posed the Rolled DeepAR, which modifies the recurrence mechanism to train on generated sam-
ples, reducing error propagation in zero-inflated retail series. To address computational efficiency,
variants proposed in [83] replace the initial recurrent layers with Temporal Convolutional Net-
works (TCNs), accelerating feature extraction before the autoregressive stage. Finally, to improve
sensitivity to turning points in volatile markets, variants such as DeepARA integrate attention
modules within the autoregressive structure. However, empirical results suggest that this added
complexity does not always yield gains in sectors with specific noise characteristics like food and
drink [42].

In the specific context of retail, autoregressive neural forecasting is particularly useful for
handling the granular nature of store-item data. Unlike direct mapping models that generate a
fixed vector of predictions, autoregressive models are inherently designed to model the transition
of state from one time step to the next. This sequential nature enables flexible integration of time-
varying covariates at each step of the decoding process. As a result, the forecast trajectory can

adjust dynamically to changing inputs throughout the horizon, without requiring the rigid input
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structures often associated with non-recursive models [57, 70].

3.3 Probabilistic Forecasting and Uncertainty

In the volatile environment of food retail, traditional point forecasts, which provide a single point
estimate for future demand, are often insufficient for optimal decision-making. Relying solely on
the mean or median fails to capture the inherent stochasticity of sales, potentially leading to poor
inventory management in scenarios of high variability [45]. To address this, probabilistic fore-
casting is adopted, aiming to estimate the full probability distribution of future demand [70]. This
paradigm enables uncertainty to be decomposed into two categories: aleatoric uncertainty, which
arises from the intrinsic noise and randomness in the data generation process, and epistemic un-
certainty, which stems from the model’s own lack of knowledge regarding the underlying physics
of the system or suboptimal parameterisation [22].

Probabilistic forecasting is not a distinct model architecture but rather a forecasting objective
that can be applied to various DL backbones. To represent uncertainty mathematically, models
typically employ one of two dominant strategies: parametric distributional likelihoods or non-
parametric quantile regression. The parametric approach, exemplified by the standard DeepAR
framework, assumes that the data follows a known distribution (e.g., Gaussian or Negative Bino-
mial) and trains the network to predict the distribution’s shape parameters for each time step [45,
70]. Conversely, architectures like the TFT can be adapted to various forecasting objectives but
are frequently configured in probabilistic settings to minimize a quantile loss function. This non-
parametric strategy allows the model to estimate specific percentiles of the demand distribution
(e.g., the 10th, 50th, and 90th percentiles) without making rigid assumptions about the underly-
ing distribution form, offering greater flexibility when the data distribution is skewed or multi-
modal [18, 44].

The selection of the appropriate probabilistic formulation is influenced by the structural char-
acteristics of retail data, particularly intermittency and censoring. Retail demand, especially for
perishable products, is often characterised by excess zeros and highly skewed, episodic counts,
which challenge standard Gaussian error assumptions. To mitigate this, recent studies have suc-
cessfully applied specialised distributions, such as the Tweedie distribution [33] or the Negative
Binomial [70], which are statistically designed to handle non-negative count data with high vari-
ance. Building on the censoring effects discussed earlier [54], probabilistic formulations provide
a principled way to represent the resulting ambiguity in observed sales, focusing on the latent de-
mand distribution [70] rather than treating recorded zeros as direct observations of demand [54].

Evaluating these models requires metrics that assess two distinct properties: calibration and
sharpness. Calibration measures the reliability of the predicted intervals by ensuring, for instance,
that a 90% prediction interval contains the true observation 90% of the time, a property often
quantified using the Prediction Interval Coverage Probability (PICP) [41]. However, a wide in-
terval is easily calibrated but provides insufficient precision for operational decisions. Therefore,
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complementary metrics are required to assess sharpness, such as the Winkler Score, which pe-
nalises intervals for being unnecessarily wide [65]. Coherence can be assessed by checking for
“quantile crossing”, defined as a phenomenon in which a lower percentile mathematically exceeds
a higher one, and detected using the Constraint Score [41].

From an operational perspective, the transition from point to probabilistic forecasting supports
more risk-aware supply chain decisions. By quantifying the uncertainty associated with each
item, retailers can move beyond fixed inventory policies towards adaptive service level objectives.
Conceptually, this allows decision-makers to trade off the risk of overstocking (waste) against the
risk of understocking (lost sales) in line with the specific cost profile of each product [54, 70].

3.4 Scalability and Global Models

Scalability in retail forecasting is defined not merely by the volume of data processed, but by the
capacity of forecasting systems to learn efficiently across vast product portfolios and deliver con-
sistent predictions at scale [25, 32]. This requirement becomes important when demand must be
forecast across many related series, including items with limited historical signal. In such cases,
transferring information across series is essential to avoid reliance on isolated, series-specific mod-
els trained independently [35, 70].

These scalability requirements have driven a shift from local models, trained independently
per time series, to global models that learn shared parameters across large collections of related
series [50, 57]. By pooling information across items, global models can transfer statistical strength
from high-volume products to those with limited history. This cross-series learning mitigates the
data sparsity that limit traditional univariate approaches in large-scale settings [35, 57].

Implementing this transfer effectively requires mechanisms that balance shared learning with
the heterogeneity of retail demand. Common strategies include cross-learning and pooling ap-
proaches that structure learning across series. Partial pooling refines this approach by sharing
parameters within hierarchy levels (e.g., department or category) while retaining sufficient flexi-
bility to capture subgroup-specific behaviour [57]. Evidence from the M5 dataset indicates that
partial pooling can provide an effective balance between generalisation and specificity, outper-
forming both local baselines and fully pooled global models [57]. More adaptive frameworks
further combine pooled and series-specific components, selecting or weighting models according
to the characteristics of each series [50, 60].

Beyond cross-series transfer, additional structural constraints arise from the hierarchical or-
ganisation of retail data. Sales can be aggregated at multiple levels (item, store, region, total
company), and a coherent forecasting system should ensure that granular forecasts are consistent
with aggregates [14, 57]. Classical hierarchical forecasting typically relies on post-hoc reconcilia-
tion methods that adjust forecasts to ensure consistency across hierarchy levels. In contrast, some
modern DL approaches adopt bottom-up strategies in which forecasts are produced at the most

granular level and subsequently aggregated [9]. Empirical evidence suggests that this approach
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can improve accuracy relative to modelling only at higher aggregation levels, as it preserves fine-
grained patterns that would otherwise be smoothed out [20, 57].

Deploying global models at scale introduces practical constraints on both training and infer-
ence. These constraints are particularly relevant when forecasts must be generated frequently
across large collections of series under limited computational resources [47, 80]. Efficiency-
oriented designs and deployment settings have been explored to reduce memory and latency
overheads while retaining competitive accuracy [80, 83]. This includes lightweight architectural
alternatives that replace attention mechanisms with simpler mixing operations, sacrificing some
representational capacity in exchange for substantially lower memory and latency overhead [84].
These considerations highlight that scalability is shaped not only by modelling choices, but also
by the computational envelope within which forecasting systems must operate [20].

The selection of an appropriate scalable modelling strategy involves balancing the benefits of
cross-series learning with operational feasibility. Global models provide a foundation for large-
scale forecasting. However, effective deployment depends on selecting appropriate pooling strate-
gies and ensuring hierarchical coherence, so that computational resources translate into measur-

able gains in forecasting accuracy.

3.5 Integration of Exogenous Variables

Relying exclusively on historical sales patterns is often insufficient to capture the drivers of de-
mand in retail environments. Forecasting models therefore incorporate exogenous variables, i.e.,
external signals that influence consumer behaviour but are not generated by the demand series
itself [7]. In practice, these variables commonly include calendar effects (e.g., holidays and
day-of-week patterns), commercial actions (e.g., price changes and promotions), environmental
conditions, and static descriptors such as product or store attributes [16, 54, 64]. Incorporating
contextual information can help models anticipate externally driven shifts, rather than attributing
them to unexplained variation in sales [63, 64].

The effective use of exogenous variables requires careful consideration of temporal availability
and dynamics. A key distinction is between known future inputs, such as calendar information
or planned promotion schedules, and observed-only inputs, which are only available up to the
prediction time and may require lagging or external forecasting to be used for future horizons [7,
18, 44]. This distinction matters because it determines what information is legitimately available
across the forecast window and what introduces additional uncertainty [7, 18, 44]. Exogenous
variables can also be characterised as static (e.g., store location, product category) or dynamic
(e.g., price or promotional status), and this affects how they can be structured and aligned with the
target series as the horizon extends [64, 65]. These temporal properties shape how information is
represented in forecasting systems and what signals remain available under realistic operational
constraints [69].

Several methodological considerations arise when integrating exogenous information into fore-

casting models. Feature selection is important when many candidate variables are available, since
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not all external signals contribute meaningful predictive value [46]. The representation is equally
relevant for high-cardinality categorical variables (e.g., product and store identifiers), where appro-
priate encoding is needed to avoid excessively sparse input spaces while still capturing latent sim-
ilarity [64]. Temporal alignment introduces additional complexity, particularly when exogenous
signals are recorded at different frequencies or exhibit lagged effects that require preprocessing to
ensure synchronisation with the target series [65, 79]. Practical data issues also matter. Missing
or delayed exogenous data can require imputation or robust handling to avoid inconsistencies be-
tween training and deployment [72]. Redundancy and multicollinearity among correlated signals
can further degrade stability without improving performance [65].

In retail settings, exogenous influences often act through non-linear and time-dependent pat-
terns [16]. For example, promotional effects may include anticipatory behaviour before an event
and demand dips afterwards, which are not well captured by simple additive assumptions [29, 44].
Interactions between variables further complicate attribution. Calendar events may coincide with
promotions, and the combined effect can differ from the sum of individual contributions [65]. The
predictive value of a covariate depends on its signal-to-noise ratio and on the consistency of its
relationship with demand across products and stores [64, 65]. These challenges are amplified in
settings with high product diversity and frequent external interventions, where large collections of
series must be forecast under heterogeneous exogenous influence [56, 57].

Empirical evidence from retail forecasting studies suggests that exogenous variables can im-
prove forecasting performance, although effects are typically context-dependent [7, 16, 29, 64].
Calendar and promotional variables often provide measurable gains across multiple settings, whereas
other signals tend to be category-specific and sensitive to data quality and resolution [69]. Some
studies also indicate that the magnitude of improvement diminishes as more variables are added
beyond a critical subset [65]. This reinforces the importance of selective integration rather than
exhaustive feature inclusion. From a deployment perspective, exogenous variables introduce re-
quirements that extend beyond model design. Signals must be reliably available at inference time
and consistent with the training pipeline, which can be challenging for variables subject to re-
porting delays or dependence on external data sources [44, 48]. Relationships between exogenous
drivers and demand can also shift over time, which motivates monitoring and periodic retraining in
operational environments [29]. These considerations highlight that effective integration depends

on both methodological choices and data infrastructure [46, 56].

3.6 Summary

The literature reviewed in this chapter converges on a consistent point: model capacity alone is
not decisive. Performance is often determined by how well the modelling choices align with (i)
the sparsity and distributional form of sales, (ii) the stability of demand-generating mechanisms

over time, and (iii) what information is available at prediction time.
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A first line of work addresses representational limitations of traditional statistical methods and
early neural approaches. Classical local models remain attractive for their simplicity and inter-
pretability. But they typically struggle to scale across heterogeneous item populations and to cap-
ture non-linear effects under distribution shift. Deep architectures alleviate some of these limita-
tions by learning richer temporal representations and by enabling parameter sharing across series.
However, this flexibility introduces new sensitivities, particularly to leakage, mis-specified input
availability, and instability when training objectives are not aligned with the inference regime.

Across DL architectures, the reviewed evidence suggests that gains are typically realised
through structural adaptations rather than wholesale complexity. Recurrent models and their hy-
brids improve temporal modelling under limited context windows, but can suffer from recursive
error accumulation and difficulties in exploiting long-range structure. Attention-based models mit-
igate some of these issues through more direct access to historical context and direct multi-horizon
decoding, yet their computational profile can be a practical constraint. As a result, the literature
increasingly positions architectural selection as an exercise in trading off representational power
against robustness and operational feasibility, rather than universally favouring complexity.

Probabilistic forecasting reframes the problem from predicting a single trajectory to repre-
senting uncertainty in a way that is decision-relevant. This shift is particularly important in retail
settings where sparsity, skewness, and censoring make point estimates brittle. Nevertheless, prob-
abilistic outputs are only useful when they are well-calibrated and coherent, and when the evalua-
tion protocol reflects the intended decision context. This introduces an additional methodological
burden: selecting likelihoods or quantile objectives consistent with the data-generation process,
and validating the resulting distributions with metrics that go beyond average error.

Scalability and global modelling provide a complementary perspective: many practical fail-
ures arise not from poor modelling of a single series, but from the inability to generalise across
thousands of related products with limited individual history. Global models, pooling strategies,
and hierarchical consistency constraints directly target this setting. However, they also expose a
recurring tension: aggressive sharing can dilute subgroup-specific dynamics, while overly fine seg-
mentation reduces statistical strength and increases operational complexity. Effective approaches,
therefore, tend to sit between these extremes, using mechanisms that control what is shared and
where specialisation is retained.

Finally, the integration of exogenous variables is consistently portrayed as necessary but non-
trivial. External signals can improve forecast responsiveness and help distinguish systematic ef-
fects from noise. At the same time, they amplify risks that are less visible in univariate settings,
including temporal misalignment, lagged effects, redundancy, and shifts in the covariate and de-
mand relationship over time. In practice, the value of exogenous information depends on disci-
plined handling of availability at inference time and on selective inclusion, rather than exhaustive

feature accumulation.



Chapter 4
Problem Definition and Approach

This chapter defines the forecasting problem addressed in this dissertation and describes the mod-
elling approach adopted to tackle it. Section 4.1 formalises the forecasting task and establishes
the core design constraints that apply across all models. Section 4.2 documents the modelling
decisions shared by all three architectures, including the training objective, output activation, and
input window length. Section 4.3 describes the concrete implementation of each architecture and

the adaptations made relative to the original formulations.

4.1 Problem Formulation

Let {yi,t}thl denote the daily unit sales of store-item series i, where i = 1,...,N indexes the full
portfolio of N store-item pairs. Given a lookback window of length L ending at time 7, the
forecasting task consists of predicting the vector ¥; 7 1.7+4 = (Jir+1,- -, 9i7+4) for each series i,
where & = 28 is the forecast horizon.

Forecasting demand in food retail at store-item level is inherently a large-scale problem. A sin-
gle retailer may operate hundreds of stores, each carrying thousands of distinct products, produc-
ing a portfolio of time series that can scarcely be handled feasibly by a local modelling approach,
one series at a time. This practical reality motivates the central design decision of this work: all
three architectures evaluated, namely LSTM, TFT, and a non-autoregressive variant of DeepAR,
are trained as global models, fitting a single set of parameters jointly across the full collection of
store-item series. This allows the models to scale naturally to the size of real retail portfolios, and
to leverage patterns shared across series that would otherwise be invisible to a model trained in
isolation.

The forecasting task itself is defined at daily granularity, with a prediction horizon of 28 days.
This horizon is adopted from the M5 forecasting competition, which provides the dataset under-
pinning the empirical evaluation. The 28-day window also enables a direct comparison of results
against published M5 benchmarks and competition participants, providing an external reference

point that goes beyond internal model comparisons.

25
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Each model is designed to produce a forecast in a single forward pass: given a window of his-
torical observations and associated covariates, it outputs a vector of 28 values simultaneously, one
per day of the horizon. Each value represents a single point estimate of expected demand, rather
than a distribution or prediction interval. This direct multi-step formulation is a deliberate choice,
motivated by the well-documented risks of autoregressive decoding in settings with thousands of
heterogeneous series, where error accumulation would manifest differently across products and
stores and be difficult to control systematically.

The target variable throughout is raw unit sales per store-item-day. This quantity is non-
negative, right-skewed, and frequently zero, particularly for slow-moving products and smaller
store locations. These distributional properties are not incidental: they are a defining characteristic
of demand at this level of granularity, and any modelling choice that ignores them risks producing
forecasts that are systematically biased or poorly calibrated. Addressing them requires a set of

design decisions that apply uniformly across all three architectures evaluated in this work.

4.2 Shared Modelling Decisions

The first of these decisions concerns the training objective. Standard regression losses such as
Mean Square Error (MSE) implicitly assume that the target variable follows a Gaussian distribu-
tion, an assumption that does not hold given the distributional properties described above. All
three models are therefore trained using the Tweedie deviance loss. The Tweedie deviance is de-
rived from the negative log-likelihood of the Tweedie distribution, a family of distributions that,
for a power parameter p in the interval (1,2), corresponds to a compound Poisson-Gamma for-
mulation. This regime assigns non-zero probability mass to exact zeros while accommodating the
heavy tail of positive values, making it statistically well-suited to the distributional characteristics
of retail demand. Minimising the Tweedie deviance during training is equivalent to maximising
the likelihood under that distribution, ensuring that the loss function is statistically grounded in
the same assumptions that make it suitable for this type of data, without requiring the model to
produce probabilistic outputs. The full deviance is defined in Eq. 4.1:
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where y is the observed sales count and y is the model prediction. Since the first term depends only
on the observed values and not on the model parameters, it is constant with respect to optimisation
and is omitted in the implementation without affecting the training dynamics. The resulting loss

function used during training is therefore given in Eq. 4.2:
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The Tweedie deviance requires that predictions be strictly positive. This is enforced by pass-

ing the raw model output through a Softplus activation before computing the loss. Unlike a hard
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clipping or truncation operation, which would force negative outputs to zero and result in zero gra-
dients during backpropagation, Softplus preserves gradient information throughout training. This
smooth behaviour guarantees that outputs are always strictly greater than zero, satisfying the do-
main requirements of the Tweedie deviance without introducing discontinuities in the optimisation
landscape.

The third shared decision concerns the length of the historical input window. All models
receive a lookback window of 28 days, matching the length of the forecast horizon. A longer
window would provide more historical context but increases memory consumption and training
time substantially, which is a meaningful constraint when training globally across thousands of
store-item series. A shorter window risks discarding relevant recent history. The 28-day window
strikes a practical balance and aligns with the forecasting setup adopted in [33], associated with

the third-placed solution in the M5 competition.

4.3 Model Architectures and Adaptations

The three architectures described in this section span a range of approaches to sequence modelling
for multi-step forecasting. The LSTM follows a well-established recurrent design. The TFT
extends this with structured handling of heterogeneous input types and an attention mechanism.
The DeepAR-Direct retains the encoder-decoder recurrent structure of the original DeepAR whilst
adopting the direct forecasting strategy shared by all three models. Each sub-section describes the
concrete implementation of each architecture and the adaptations made relative to the original

formulations.

4.3.1 Long Short-Term Memory

The LSTM architecture implemented in this study is based on the standard formulation presented
in [27], adapted for global multi-series forecasting at store-item level. Figure 4.1 illustrates the
complete architecture.

The model receives two types of input simultaneously: temporal features and categorical fea-
tures. The temporal features form a sequence of length L, where each timestep contains F observed
values. The categorical features, of which there are C in this implementation, are each mapped
to a dense vector of dimension E through a dedicated embedding layer. These embeddings are
time-invariant representations: once looked up, each embedding vector is expanded and replicated
across all L timesteps, producing a representation of dimension C - E per timestep. The temporal
features and the expanded embeddings are then concatenated along the feature dimension, forming
a unified input sequence of dimension F' + C - E that is fed to the LSTM encoder at each timestep.
This design allows the model to condition its temporal reasoning on the identity of each series
throughout the entire input window, rather than only at the point of prediction.

The LSTM encoder processes this sequence through a stack of recurrent layers, each main-

taining a hidden state of size H. Inter-layer dropout is applied between successive layers when
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Figure 4.1: Architecture of the global LSTM forecaster with categorical embeddings and direct

multi-step output.



4.3 Model Architectures and Adaptations 29

more than one layer is used, reducing the risk of overfitting by preventing co-adaptation of fea-
tures across layers. Only the hidden state produced at the final timestep of the last layer is retained,
discarding the cell state and all intermediate hidden states. This is a deliberate choice of simplic-
ity: rather than incorporating an attention mechanism over the full sequence of hidden states, the
model relies on the LSTM’s inherent ability to summarise the input window into a single fixed-
length vector. This keeps the architecture simple and the comparison with the TFT meaningful, as
attention-based processing of temporal context is a defining characteristic of that model.

A second dropout operation is then applied to this vector before it is passed to the output
stage, providing an additional layer of regularisation against overfitting that is independent of the
encoder depth.

The output stage consists of a single linear layer that projects the hidden state vector of dimen-
sion H directly to a vector of 28 values, one per day of the forecast horizon. The representational
burden is placed entirely on the encoder: if the LSTM has learned a sufficiently rich summary of
the input sequence, a single linear transformation is sufficient to produce coherent forecasts across
the full horizon. The resulting values are passed through a Softplus activation to enforce strict

positivity, as required by the Tweedie training objective.

4.3.2 Temporal Fusion Transformer

The TFT implemented in this study follows closely the architecture proposed in [44], illustrated
in Figure 4.2. The three deviations from the original paper concern exclusively the forecasting
objective and the output layer: the original quantile loss is replaced by the Tweedie deviance loss,
the multi-quantile output head is replaced by a single linear projection, and a Softplus activation
is applied to enforce strict positivity, as established in Sections 4.1 and 4.2. The remainder of the
architecture is implemented as described in the original paper.

The TFT processes inputs according to the three-stream structure of the original paper: static
covariates, represented as learned embeddings of dimension E; observed past inputs over the
lookback window; and known future inputs available across the full forecast horizon. Each stream
is handled by a dedicated processing pathway before being integrated.

Static inputs enter the model through a Static VSN, whose output serves a purpose that goes
beyond simple feature selection: it is the source from which four distinct context vectors are
derived, each conditioning a different stage of the temporal processing pipeline. The first, cg,
conditions the variable selection applied to temporal inputs. The second, c., conditions the static
enrichment layer. The remaining two, ¢, and c,, initialise the hidden and cell states of the LSTM
encoder. Through these four vectors, static identity information actively shapes the behaviour of
every subsequent component, rather than being injected at a single point.

Temporal inputs, both past and future, are each processed by a dedicated VSN conditioned on
¢s. Bach scalar feature is first projected to the model’s hidden dimension H through a dedicated
linear layer before entering its corresponding VSN, which produces a single vector of dimension
H per timestep. These selected representations are then processed by an LSTM encoder-decoder,

whose purpose is to build a temporally coherent context from the observed history and transfer
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Figure 4.2: Architecture of the TFT [44]. In this study, the multi-quantile output head is replaced
by a single linear projection followed by a Softplus activation, and the quantile loss is replaced by
the Tweedie deviance loss.

it to the future processing pathway. The encoder processes the past sequence, initialised with ¢y,
and c., compressing the historical signal into a set of hidden states that are then used to initialise
the decoder. The decoder processes the future sequence from this learned starting point, ensuring
that the representations of future timesteps are grounded in the observed past rather than treated
independently. A GateAddNorm operation, combining a gated linear unit, a residual addition, and
layer normalisation, is applied to both encoder and decoder outputs, with skip connections taken
from the VSN outputs prior to the LSTM.

The LSTM outputs then pass through a static enrichment layer, which uses c, to reinject series-
level context into the temporal representations before they reach the attention mechanism. This
step ensures that the attention layer does not operate on purely temporal representations, but on
ones that already carry awareness of which series is being forecast. The decoder representations
then attend to the full concatenated sequence of encoder and decoder states, with a causal mask
applied to the decoder portion to prevent each future position from attending to subsequent ones.
The resulting representations are then projected to the final point forecasts through the shared

output layer common to all three architectures.

4.3.3 DeepAR-Direct

The architecture implemented in this study is a non-autoregressive variant of DeepAR, proposed
in [70], adapted to produce direct point forecasts consistent with the shared experimental design
established in Section 4.1. The name DeepAR-Direct reflects the central modification: the au-

toregressive feedback loop of the original decoder is removed, whilst the encoder-decoder LSTM
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structure and the core mechanisms of the original paper are preserved. Figure 4.3 illustrates the

encoder-decoder structure.
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Figure 4.3: Architecture of the DeepAR-Direct forecaster. The decoder is initialised with the
final states of the encoder and receives only future covariates and a zero placeholder at each step,
replacing the autoregressive feedback of the original DeepAR formulation.

The model follows an encoder-decoder design in which a single LSTM is shared between both
stages. The encoder processes the conditioning range, receiving at each timestep the observed fea-
tures scaled by a series-specific normalisation factor v;, together with the categorical embeddings
expanded across the sequence. This scale factor, defined as v; = 1 4+ mean(z;) over the condition-
ing range, where z; denotes the observed sales values of series 7, is a mechanism from the original
DeepAR paper that addresses the wide range of sales magnitudes across store-item series. By
dividing the encoder inputs by v;, the model operates on a normalised representation that is more
stable to learn from, and predictions are subsequently rescaled to the original units at the output
stage.

The decoder is initialised with the final hidden and cell states of the encoder, grounding its

processing in the observed history before it steps through the 28 future timesteps. At each decoder
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step, the LSTM receives only the future-known covariates and the categorical embeddings. The
key departure from the original DeepAR formulation is what the decoder does not receive: in
the original model, a value sampled from the predicted distribution at step ¢ is fed back as input
to step ¢ + 1, creating an autoregressive dependency across the horizon. In DeepAR-Direct, this
feedback is replaced by a zero placeholder. The decoder LSTM still runs sequentially, and its
hidden states continue to evolve step by step as future covariates are processed, but no predicted
value propagates forward. At each step, the hidden state is passed through dropout for regularisa-
tion, projected by a linear layer, and passed through a Softplus activation to produce Z;;, the point
forecast for series i at horizon step ¢. This value is then rescaled by V; to recover the forecast in
the original scale.

Given the heavily skewed distribution of item velocities that characterises retail portfolios, a
naive uniform sampling strategy would underrepresent high-volume series during training. Weighted
sampling addresses this by drawing training windows with probability proportional to v;, ensuring

that high-scale series appear more frequently without discarding any series entirely.



Chapter 5

Methodology

This chapter describes the methodology adopted to train and evaluate the three forecasting ar-
chitectures examined in this study. Section 5.1 characterises the M5 dataset used throughout the
empirical evaluation, covering its structure, temporal properties, and demand heterogeneity. Sec-
tion 5.2 details the feature engineering decisions, documenting which variables are used as model
inputs and how they are constructed. Section 5.3 describes the experimental pipeline, including
the data partitioning strategy, the hyperparameter optimisation procedure, and the final training
protocol. Section 5.4 defines the evaluation metrics used to assess forecast quality. Section 5.5

describes the computational infrastructure on which all experiments were conducted.

5.1 Dataset Description

The M5 Forecasting dataset [52] is a publicly available benchmark derived from real operational
data of Walmart, a large United States (US) retailer. It was introduced as part of the M5 Accuracy
competition and has since become a standard reference for evaluating forecasting methods at retail
scale. Its adoption in this study is motivated by five practical reasons: it contains real operational
data at genuine retail scale, rather than simulated or aggregated series; it operates at store-item
granularity; it covers a sufficiently long period to capture seasonal variation and structural shifts;
it provides a set of published competition results that serve as external reference points for the eval-
uation; and it exhibits all four demand patterns defined by the Syntetos-Boylan classification [75],
making it suitable for a comprehensive robustness analysis.

The dataset spans 1,941 consecutive days, from 29 January 2011 to 19 June 2016, and covers
10 stores distributed across three US states: four stores in California, three in Texas, and three
in Wisconsin. The product catalogue comprises 3,049 distinct items organised into three product
categories: Foods (47.1%), Household (34.3%), and Hobbies (18.5%). At store-item level, the
dataset contains 30,490 time series, each representing the daily unit sales of a single product in a
single store. This is the level at which all models in this study are trained and evaluated.

The temporal evolution of these sales is captured in Figure 5.1, which shows aggregated daily

sales by state over the full period. All three states exhibit a broadly stable demand regime with
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moderate growth over time, with California consistently leading in sales volume given its larger

store count.
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Figure 5.1: Aggregated daily unit sales by state over the full M5 dataset period.
The weekly seasonal profile, shown in Figure 5.2, confirms a consistent pattern across states

and product categories: sales are lowest on Tuesday and Wednesday and peak on Saturday and

Sunday, with the weekend uplift reaching approximately 20 to 25 percent above the weekly mean.
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Figure 5.2: Weekly seasonal profile across states and product categories, expressed as a normalised
index relative to the weekly mean.

The portfolio is dominated by intermittent demand patterns. Each series is classified accord-

ing to the Syntetos-Boylan framework, which partitions demand into four classes based on two
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dimensions: the Average Demand Interval (ADI), which measures how frequently demand oc-
curs, and the Squared Coefficient of Variation of Non-zero Demand Sizes (CV?), which captures
size variability. Series with ADI above 1.32 and CV? below 0.49 are classified as Intermittent;
those exceeding both thresholds are Lumpy; those below both thresholds are Smooth; and those
with ADI below 1.32 but CV? above 0.49 are Erratic. Applying this classification to each of the
30,490 series reveals that 73.3% are Intermittent, 17.1% are Lumpy, 6.8% are Smooth, and only

2.9% are Erratic, as shown in Figures 5.3a and 5.3b.
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Figure 5.3: Demand classification of the 30,490 store-item series according to the Syntetos-Boylan
framework.

Figure 5.4 illustrates a representative series from each class, making concrete what these clas-
sifications mean in practice: Smooth series exhibit dense, relatively stable sales; Intermittent series
are characterised by frequent zero observations interspersed with consistent positive counts; Er-
ratic series show dense but highly variable sales; and Lumpy series combine intermittency with
large, irregular spikes. This distributional reality, where the vast majority of series are sparse and

irregular, directly shapes the modelling choices adopted in this study.
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Figure 5.4: Representative daily sales series for each demand class.
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The M5 dataset also includes selling prices, promotional flags, and calendar variables such
as holidays and SNAP purchase days. These variables are not used in the current study, as the

evaluation focuses on the core forecasting task using sales history and categorical identifiers.

5.2 Feature Engineering

The input representation used across all three models is built from a small set of features. The goal
was to capture recent demand dynamics whilst keeping the input space compact and consistent
across architectures.

The temporal input comprises three variables: raw unit sales, a 7-day moving average, and a
28-day moving average. The raw sales signal carries the full granularity of daily demand, includ-
ing the spikes, zeros, and noise that characterise store-item series at this level of aggregation. The
moving averages serve a complementary purpose: the 7-day average captures short-term momen-
tum, smoothing day-to-day fluctuations whilst remaining responsive to recent shifts in demand
level, and the 28-day average provides a slower-moving reference that reflects the broader trend
over the past four weeks. Both are computed on raw sales with a one-day lag, so that the value
at day ¢ uses only observations up to day ¢ — 1, avoiding any form of data leakage into the input
features.

Two preprocessing decisions affect the length of usable history for each series. First, as a
consequence of the one-day lag, the first 28 days of each series produce undefined values for the
28-day moving average and are discarded. Second, leading zeros preceding the first observed
sale are removed, as they reflect the period before a product was introduced rather than genuine
zero-demand days.

No additional scaling or normalisation is applied to the temporal features. All three variables
are expressed in the same units as the target, namely daily unit sales, and their magnitudes are
naturally comparable. Applying an external scaling transformation would alter the distributional
properties of the inputs in a way that is inconsistent with the Tweedie loss, which is designed to
operate on non-negative counts in their original scale. The internal scale handling performed by
DeepAR-Direct through the factor v;, described in Section 4.3.3, operates within the model. Inputs
are scaled before entering the encoder and predictions are rescaled to the original units before the
loss is computed, so the Tweedie loss always operates on values in the original scale.

The categorical input comprises two identifiers: item and store. These are not used as raw
integers but are mapped to learned dense embeddings within each model. They allow each model
to condition its temporal reasoning on the identity of the series being forecast, capturing latent
structure across products and locations without requiring explicit hand-crafted features.

Table 5.1 summarises the full feature set used across all models.
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Table 5.1: Input features used across all three models.

Feature Type Description Availability

Sales Temporal Raw unit sales Past only
MA-7 Temporal 7-day moving average  Past only
MA-28  Temporal 28-day moving average Past only
Item ID  Categorical Item identifier Static
Store ID  Categorical Store identifier Static

5.3 Experimental Pipeline

Training each model involves two distinct phases: hyperparameter optimisation, conducted through
a structured search over candidate configurations, and final training, in which the selected config-
uration is used to fit the model on all available data before generating forecasts. The following
sections describe how data is partitioned to support this pipeline and how the optimisation is car-

ried out.

5.3.1 Data Partitioning

The dataset is partitioned into three non-overlapping temporal segments: training, validation, and
forecast. The forecast period corresponds to the 28 days immediately following the last observed
day in the dataset, for which the final models generate predictions during inference. All 1,941
available days are used for training the final models, ensuring that the full historical signal is
exploited before generating forecasts.

Hyperparameter optimisation requires an internal evaluation protocol that does not touch the
forecast period. For this purpose, a temporal cross-validation scheme with four expanding folds is
employed. A single train-validation split would evaluate the model on a single time window, which
may not be representative given that demand patterns vary with seasonality and volatility across
different periods of the year. By evaluating across four distinct validation windows, the cross-
validation scheme produces a more robust estimate of generalisation performance and reduces the
risk of selecting hyperparameters that overfit a particular temporal regime. This strategy follows
the approach adopted by top-performing submissions in the M5 competition, where the use of at
least four consecutive 28-day validation windows was identified as a reliable approximation of
post-sample accuracy [51].

Each fold consists of a training segment that expands from day 1 to a fixed cutoff, followed
by a contiguous 28-day validation block. The four folds are defined as follows: Fold 1 trains on
days 1-1829 and validates on days 1830-1857; Fold 2 trains on days 1-1857 and validates on days
1858-1885; Fold 3 trains on days 1-1885 and validates on days 1886-1913; and Fold 4 trains on
days 1-1913 and validates on days 1914-1941. This structure is illustrated in Figure 5.5.

Within each fold, training samples are generated through a sliding window procedure applied
to every store-item series. Each sample consists of a 28-day lookback window followed by a

28-day prediction horizon. To reduce redundancy between consecutive samples whilst retaining
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Figure 5.5: Expanding window cross-validation scheme used for hyperparameter optimisation.
Each fold extends the training period by 28 days whilst maintaining a fixed 28-day validation
block. The final model is trained on all available data before generating forecasts for the subse-
quent 28-day period.

sufficient coverage of the training period, a stride of 8 days is used: the window advances 8 days
at a time rather than one, so that Window A covers days 1-28 to predict days 29-56, Window B
covers days 9-36 to predict days 37-64, and so on. A stride of 7 was avoided, as it would cause
every training window to begin on the same day of the week, introducing a systematic bias in
the representation of weekly seasonality across samples. The stride of 8 breaks this alignment,
ensuring that all days of the week are represented more uniformly throughout the training set.
For validation, a single evaluation sample is generated per series, using the 28 days immediately
preceding the validation block as the lookback window and the 28-day validation block itself as

the prediction horizon.

5.3.2 Hyperparameter Optimisation

Hyperparameter optimisation is conducted using Optuna', a framework based on the Tree-structured
Parzen Estimator (TPE) algorithm, which models the relationship between hyperparameter con-
figurations and validation performance to guide the search towards promising regions of the search
space. This is in contrast to grid or random search, which treat all configurations as equally likely
candidates regardless of prior results. A total of 30 trials are run per model, with a fixed random
seed of 42 to ensure reproducibility across runs.

Each trial is evaluated using the four-fold expanding window cross-validation scheme. Within
each trial, the model is trained independently on each fold using the Adam optimiser, with early
stopping applied to prevent overfitting: training is halted when the validation loss fails to improve

for 10 consecutive epochs, up to a maximum of 150 epochs. Additionally, Optuna’s median pruner

ttps://optuna.org/, accessed 21 May 2026.
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is employed to abort unpromising trials early: if a trial’s validation loss at any fold exceeds the
median of all completed trials at the same stage, the trial is terminated before completing the
remaining folds, reducing the computational cost of the optimisation without affecting the quality
of the final selection. The metric used to guide the optimisation is the mean Tweedie deviance loss
computed on the 28-day validation block of each fold and averaged across the four folds. This is
consistent with the training objective described in Section 4.2, ensuring that the hyperparameter
selection criterion is aligned with the loss that the model directly minimises during training.

Once the best trial is identified, the number of training epochs for the final model is determined
by taking the median of the best epoch recorded across the four folds of the winning trial. The
final model is then retrained from scratch on all available data using the selected hyperparameters
and this fixed epoch count, without any further validation.

Table 5.2 summarises the hyperparameter search space used across all models. The number of
attention heads in the TFT is fixed at 4 across all experiments, and the Tweedie power parameter

is fixed at p = 1.3 for all models; both are therefore excluded from the optimisation.

Table 5.2: Hyperparameter search space used during optimisation with Optuna.

Hyperparameter Type Search space Models
Hidden size Categorical {64,128,256} All
Batch size Categorical {64,128,256,512} All
Number of layers ~ Categorical {1,2,3} All
Dropout Continuous  [0.1,0.5] All
Learning rate Continuous  [1074,1077] All

5.4 Evaluation Metrics

Three metrics are used to evaluate forecast quality across all models: the Weighted Root Mean
Squared Scaled Error (WRMSSE), the Mean Absolute Scaled Error (MASE), and Bias. Together
they capture complementary aspects of model behaviour: weighted accuracy at portfolio level,
scale-invariant performance relative to a seasonal baseline, and directional tendency of errors.
The WRMSSE is the official evaluation metric of the M5 competition and serves as the primary
accuracy measure in this study. It is built upon the Root Mean Squared Scaled Error (RMSSE),
which measures the forecast error of a single series relative to the error of a naive one-step-ahead

forecast computed over the training period. The RMSSE is defined in Eq. 5.1:

Y e —91)2

RMSSE, = T 5
P thz(J’t —yz—l)

(5.1

where £ is the forecast horizon, n is the length of the training period, y; and J; are the observed
and predicted values respectively, and the denominator scales the error by the MSE of the naive

forecast over the training period, making the metric invariant to the magnitude of individual series.
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The WRMSSE extends this by aggregating errors across all store-item series using a weighting
scheme based on the relative sales volume of each series over the last 28 days of the training
period, as defined in Eq. 5.2:

WRMSSE = i w; - RMSSE; (5.2)

i=1

where w; is the normalised weight of series i. Series that contribute more to total revenue are
therefore penalised more heavily for forecast errors, which reflects the operational reality that
inaccurate forecasts for high-volume products have a greater economic impact than equivalent
errors on slow-moving items.

The MASE is computed using a seasonal naive benchmark with a lag of 7 days, reflecting
the weekly periodicity identified in Section 5.1. Unlike scale-dependent metrics such as MAE,
the MASE is invariant to the magnitude of individual series, making it suitable for comparing
performance across the heterogeneous store-item portfolio of the M5 dataset. It is defined in Eq.
5.3: - R
ﬁZt:l lve — 31|
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(5.3)

where m = 7 is the seasonal period, & is the forecast horizon, and the denominator is the mean
absolute error of the seasonal naive forecast over the training period of length .

Bias measures the tendency of a model to systematically overestimate or underestimate de-
mand, and is defined as the mean signed error across all series and horizon steps, as shown in Eq.

5.4
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Unlike the WRMSSE and MASE, Bias is expressed in the original units of the target variable and is
therefore scale-dependent. Its purpose is not to compare performance across individual series but
to characterise the directional tendency of errors at portfolio level. A positive Bias indicates that
the model consistently overpredicts demand, whilst a negative value indicates underprediction. In
retail forecasting, systematic bias is operationally costly regardless of its direction: overprediction
leads to excess inventory and waste, whilst underprediction results in stockouts and lost sales.
Reporting Bias alongside accuracy metrics therefore provides a more complete characterisation of

model behaviour than error magnitude alone.

5.5 Computational Infrastructure

All experiments were conducted on a workstation provided by the Artificial Intelligence and Com-
puter Science Laboratory of the University of Porto. The machine is equipped with two Intel Xeon
6258R processors running at 2.7 GHz, 128 GB of RAM, and a single NVIDIA Quadro RTX 8000
GPU with 48 GB of VRAM. All model training and inference was performed on this GPU. The

software environment was built on PyTorch” 2.5.1 with CUDA 12.1. Automatic Mixed Precision

2https://pytorch.org/, accessed 22 May 2026.
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training was enabled throughout, reducing memory consumption and accelerating computation by
performing forward and backward passes in 16-bit floating point whilst maintaining 32-bit preci-

sion for parameter updates.



Chapter 6
Experiments and Results

This chapter presents the empirical results of the three research questions investigated in this dis-
sertation. Section 6.1 addresses the first research question by evaluating the predictive accuracy
of the three DL models against a set of classical statistical baselines, global ML methods, and two
top-performing solutions from the M5 Accuracy competition. Section 6.2 addresses the second re-
search question by examining how the computational cost and forecasting accuracy of each model
evolve as the number of stores in the training corpus increases. Section 6.3 addresses the third
research question by decomposing model performance across the four demand pattern classes de-
fined by the Syntetos-Boylan framework and examining the time series properties most strongly

associated with forecast difficulty within each class.

6.1 Accuracy Analysis

This section addresses the first research question by evaluating the predictive accuracy of the
three DL models evaluated in this dissertation against a set of classical statistical baselines, global
ML methods, and two top-performing solutions from the M5 Accuracy competition. The evalua-
tion uses the full ten-store dataset, with performance assessed through the WRMSSE, MASE, and

Bias metrics.

6.1.1 Baseline Models

Five reference methods are used to establish a performance floor against which the proposed DL
models are evaluated. These methods were selected from the set of benchmarks provided by the
MS competition organisers, whose descriptions and implementation code are publicly available in
the official competition repository'. The selection covers the main families of classical forecasting
approaches: a naive seasonal method, a statistical model with automatic component selection, an
autoregressive integrated model, and two global ML methods. All baselines are evaluated at the

store-product level.

1https ://drive.google.com/drive/folders/1D6EWAVSaOtrP1LEFh1REjI3vej61US_4, accessed
26 May 2026.
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6.1.1.1 Seasonal Naive

The Seasonal Naive baseline produces forecasts by repeating the last observed weekly cycle across
the forecast horizon. For a horizon of 28 days, the final seven observed values are tiled four
times, so that each future day inherits the sales count recorded on the corresponding day of the
most recent week. The method is applied independently to each store-item series and requires no
parameter estimation, capturing only the most immediate weekly pattern without any smoothing

or trend component.

6.1.1.2 Exponential Smoothing

The Exponential Smoothing (ES) baseline applies the es () function from the smooth R pack-
age, which automatically selects the most appropriate state space model from the Error, Trend,
Seasonality (ETS) family using information criteria. A weekly seasonality period of 7 is speci-
fied, allowing the selected model to capture day-of-week demand patterns. The method is applied
independently to each store-item series and requires no manual specification of model compo-

nents. Model parameters are estimated by maximum likelihood.

6.1.1.3 Autoregressive Integrated Moving Average

The ARIMA baseline applies the auto.arima () function from the forecast R package,
which automatically selects the order of the autoregressive, differencing, and moving average
components using information criteria. A weekly seasonality period of 7 is specified, allowing the
function to consider both non-seasonal ARIMA and SARIMA configurations. The selection be-
tween these is made independently for each store-item series, meaning the resulting model family
varies across the portfolio depending on the seasonal structure identified in each series. Model
parameters are estimated by maximum likelihood, with order selection based on the Akaike Infor-

mation Criterion with correction for finite sample sizes.

6.1.1.4 Global Multi-Layer Perceptron

The Global Multi-Layer Perceptron (GMLP) baseline trains a single MLLP model jointly across all
store-item series, enabling cross-series learning rather than fitting independent models per series.
Each training sample consists of the last 14 observed values as input features, supplemented by
two demand characterisation statistics: the ADI and the CV?. These statistics provide the model
with information about the intermittency and size variability of each series, facilitating learning
across series with heterogeneous demand patterns. Input values are normalised to the [0, 1] range
using per-series min-max scaling prior to training, and predictions are rescaled to the original units
at inference time. The network has a single hidden layer with 28 neurons and a logistic activation
function, trained by minimising the MSE using the Scaled Conjugate Gradient algorithm. To
reduce sensitivity to random weight initialisation, 10 independent runs are performed and the

median forecast across runs is used as the final prediction.
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6.1.1.5 Global Random Forest

The Global Random Forest (GRF) baseline follows the same global training procedure as the
GMLP, using identical input features, normalisation, and sampling strategy. The MLP is replaced
by a RF of 500 decision trees, with node splitting performed by minimising the MSE. The final

forecast is taken as the median across the predictions of the ensemble.

6.1.2 MS Competition Participants

To contextualise the results of the proposed models within the broader landscape of the M5 Ac-
curacy competition, two participating solutions are described in this subsection. These were se-
lected to represent distinct methodological approaches: the first-placed solution employs gradient
boosting with a structured pooling strategy, whilst the third-placed solution adopts a DL approach
based on a modified autoregressive recurrent architecture. Both solutions are evaluated at the

store-product level.

6.1.2.1 Direct and Recursive Forecast Averaging via Partial Pooling

The winning solution presented in [31] proposes the Direct and Recursive Forecast Averaging
Method via Partial Pooling (DRFAM). The method constructs base forecasting models using
Light Gradient Boosting Machine (LightGBM), a gradient boosting framework, trained across
three levels of partial pools: store, store-category, and store-department. For each of the 10 stores,
this yields 11 data pools (1 store pool, 3 store-category pools, and 7 store-department pools),
totalling 110 pools across the full dataset. All base models are trained at the store-product level,
regardless of the pool level used.

Two types of base models are constructed for each pool. Direct forecasting models predict all
28 horizon steps using only known historical observations, with the most recent available sales
starting from ¢ —28. Recursive forecasting models condition on previously forecasted values.
Rolling statistics are computed over shorter recent windows and fed back as input features for
subsequent steps. The final DRFAM submission averages the forecasts of all six base models
per product (three direct and three recursive, one from each pool level), obtaining complementary
effects between the two forecasting strategies.

Features used across all base models fall into six categories: product and store identifiers,
calendar variables, event indicators, price-derived statistics, lagged sales statistics over multiple
window lengths and recursive sales statistics. The Tweedie loss function is used as the training
objective, motivated by the high proportion of zero sales values in the dataset. Model selection is

performed through time series cross-validation over 13 consecutive 28-day validation windows.

6.1.2.2 Robust Recurrent Network for Intermittent Forecasting

The third-placed solution presented in [33] applies the Rolled DeepAR architecture described in

Section 3.2.3 to the M5 dataset. During the rolling training procedure, samples drawn from the
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predicted Tweedie distribution are used as inputs, which simultaneously corrects for exposure bias
and increases the diversity of training sequences. The network consists of two stacked LSTM
layers with 120 hidden units each, trained using the negative log-likelihood of the Tweedie distri-
bution as the loss function. The input window spans 28 days and includes 100 feature channels
covering sales history, moving averages, time features, price information, SNAP indicators, cal-
endar events, item and store identifiers, and a zero-sale period counter indicating the number of
consecutive days without sales. The model is trained globally across all store-item series using the
Adam optimiser with a learning rate schedule that increases linearly for the first five epochs and
decays via cosine annealing thereafter.

Model selection is performed by evaluating each candidate model over 14 consecutive 28-day
validation windows, using the average WRMSSE across all hierarchical levels as the selection cri-
terion. The final submission is an ensemble of 43 models combining two configurations that differ
in Tweedie power parameter and dropout settings, with predictions averaged uniformly across all

ensemble members.

6.1.3 Model Configurations

The hyperparameter configurations selected for each architecture reflect the best solution found
for that specific model, and the differences between them reveal how each architecture allocates
its representational capacity. The DeepAR-Direct and LSTM both select a hidden size of 64 and
converge to deeper configurations with multiple stacked layers, suggesting that these architec-
tures benefit more from additional recurrent depth than from wider hidden representations. The
TFT, by contrast, selects a wider representation of 128 with a single recurrent layer, suggesting
that its attention mechanism and gating operations benefit from a larger hidden dimension to dis-
tribute information effectively across its multiple processing pathways. The compact hidden size
of the DeepAR-Direct reflects the efficiency of its encoder-decoder design: rather than compress-
ing the entire input sequence into a single fixed-length vector, the decoder processes the forecast
horizon step by step, reducing the representational burden placed on any individual hidden state.
The dropout rates vary considerably across models, with the DeepAR-Direct selecting the highest
value. Table 6.1 summarises the selected hyperparameters for each model.

Table 6.1: Hyperparameter configurations selected by Optuna for the LSTM, TFT, and DeepAR-
Direct models.

Hyperparameter LSTM TFT  DeepAR-Direct

Hidden Size 64 128 64
Heads - 4 -
Layers 3 1 3
Batch Size 64 128 256
Dropout 0.2517 0.1727 0.4878

LR (x107%) 7.86 1.53 8.90
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6.1.4 Results

Table 6.2 summarises the forecasting performance of all models evaluated at the store-product
level, ranked by WRMSSE. Figure 6.1 presents the percentage improvement in WRMSSE and
MASE over the Seasonal Naive baseline for all models, providing a visual comparison of relative

gains.

Table 6.2: Comparison of forecasting models performance based on WRMSSE, MASE, and Bias.

Model WRMSSE MASE  Bias

Rolled DeepAR 0.8754 1.0569  0.0039
DRFAM 0.8842 1.0518  0.0026
TFT 0.8905 1.0577 -0.0467
DeepAR-Direct 0.8939 1.0805 0.0108
LSTM 0.8995 1.0749 -0.0100
ES 0.9147 1.0623  -0.0046
ARIMA 0.9170 1.0667 0.0083
MLP Global 0.9199 1.1265 0.0092
RF Global 0.9318 1.1117  0.1157

Seasonal Naive 1.1764 1.2236 -0.0172

All three DL models proposed in this dissertation outperform the classical statistical baselines
and the global ML methods on WRMSSE, with TFT achieving the lowest value among them at
0.8905, followed by DeepAR-Direct at 0.8939 and LSTM at 0.8995. The two M5 competition
participants rank above all models evaluated in this study, with Rolled DeepAR achieving 0.8754
and DRFAM 0.8842, representing improvements of 25.59% and 24.84% over the Seasonal Naive
baseline respectively, as illustrated in Figure 6.1a. Among the classical baselines, ES and ARIMA
perform comparably at 0.9147 and 0.9170, whilst the global ML methods trail slightly behind, with
GMLP at 0.9199 and GRF at 0.9318. The Seasonal Naive baseline records the highest WRMSSE
at 1.1764, serving as the lower bound of performance in this comparison.

The MASE rankings partially diverge from those of the WRMSSE, as illustrated in Figure
6.1b. Whilst TFT retains its position as the best-performing model among those proposed in this
dissertation at 1.0577, DRFAM achieves the lowest MASE overall at 1.0518, ranking above Rolled
DeepAR on this metric despite placing below it on WRMSSE. Among the classical baselines, ES
records the lowest MASE at 1.0623, outperforming ARIMA at 1.0667. DeepAR-Direct and LSTM
rank below ES and ARIMA on MASE despite outperforming them on WRMSSE, with values of
1.0805 and 1.0749 respectively. The global ML methods record the highest MASE values among
non-naive models, with GMLP at 1.1265 and GRF at 1.1117.

Regarding directional bias, the models differ in their tendency to overpredict or underpredict
demand. TFT and LSTM exhibit negative bias values of —0.0467 and —0.0100 respectively,
indicating a systematic tendency to underpredict. DeepAR-Direct, ARIMA, and GMLP show
small positive bias values, reflecting a slight overprediction tendency. GRF records the largest

positive bias at 0.1157, suggesting a more pronounced tendency to overestimate demand across
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Figure 6.1: Percentage improvement in WRMSSE and MASE over the Seasonal Naive baseline

for all evaluated models. The Seasonal Naive baseline is excluded from both charts as it serves as
the reference point.
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the portfolio. The two M5 competition participants display near-zero bias values of 0.0039 and
0.0026, indicating well-calibrated directional behaviour.

Figure 6.2 illustrates the forecasts generated by all models for a representative high-volume
series, item FOODS_3_090 from store TX_3. This series exhibits a Smooth demand pattern with
pronounced weekly seasonality and occasional demand spikes. The DL models and the two M5
participants track the weekly oscillations of the test period more closely than the classical base-
lines, with Rolled DeepAR and DRFAM producing the most accurate trajectories as reflected
by their RMSSE values of 0.3803 and 0.4210 respectively. Among the models proposed in this
dissertation, DeepAR-Direct achieves the lowest RMSSE on this series at 0.3851, slightly outper-
forming TFT at 0.3989 and LSTM at 0.4041. The classical statistical models fail to capture the
magnitude and timing of demand fluctuations: ARIMA produces a smooth forecast that underesti-
mates peak values, whilst ES overshoots in the latter part of the horizon. The global ML methods
generate near-constant forecasts that fail to reproduce the weekly pattern, with GRF and GMLP
recording RMSSE values of 0.5035 and 0.4773 respectively. The Seasonal Naive forecast repli-
cates the weekly cycle mechanically but cannot adapt to the level shift visible in the test period,
resulting in the highest RMSSE of 0.6215 on this series.

6.1.5 Discussion

All three DL models proposed in this study outperform every classical statistical baseline and
global ML method on WRMSSE, confirming that global neural architectures trained jointly across
thousands of store-item series can extract predictive signal that series-by-series approaches cannot.
The margin over ES and ARIMA, whilst modest in absolute terms (approximately 0.02 to 0.09
WRMSSE points), is consistent across all three DL models and reflects a structural advantage. By
sharing parameters across series, the DL models leverage demand patterns common to multiple
products and stores, a form of cross-series learning that local statistical models are unable to
exploit. The Tweedie training objective reinforces this advantage by aligning the loss function with
the distributional properties of retail demand, penalising errors in proportion to the skewness and
sparsity of each series rather than treating all deviations symmetrically as MSE-based objectives
would.

The global ML methods, despite also training a single model across all series, underperform
the DL models on both WRMSSE and MASE. This suggests that the representational capacity of
the LSTM encoder and the structured input processing of the TFT provide a meaningful advan-
tage over the shallow architectures of the GMLP and GRF, particularly in capturing the temporal
dynamics of demand over the 28-day horizon. The near-constant forecasts produced by GRF and
GMLP for the representative series in Figure 6.2 illustrate this limitation concretely: without a
sequential inductive bias, these models reduce to predicting a smoothed level rather than tracking
the weekly oscillations visible in the data.

The divergence between WRMSSE and MASE rankings warrants careful interpretation. DeepAR-
Direct and LSTM rank below ES and ARIMA on MASE despite outperforming them on WRMSSE.
Since WRMSSE weights each series by its dollar sales volume whilst MASE treats all series
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Figure 6.2: Forecast trajectories of all evaluated models for item FOODS_3_090 from store TX_3,
a high-volume Smooth series. The blue line represents the training period, the green line the test
period, and the red dashed line the model forecast. RMSSE and MASE values for each model are
shown in the bottom-right corner of each panel.
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equally, this pattern suggests that the gains of the DL models are concentrated in higher-volume
series. For low-volume and intermittent series, which constitute 73.3% of the M5 portfolio, the ad-
vantage of the DL models over classical baselines is smaller or absent, as the sparse and irregular
demand signal provides limited information for the recurrent encoder to exploit.

The observation that all models record MASE values above 1.0 does not imply that any of
them underperforms the Seasonal Naive in the test period. The MASE denominator is computed
over the training period, and its scale therefore reflects the average in-sample one-step naive error
rather than the out-of-sample difficulty of the test window. The Seasonal Naive itself records a
MASE of 1.2236 in the test period, which confirms that all evaluated models outperform it on
this metric as well. The elevated MASE values across the board reflect the intrinsic difficulty of
forecasting at store-item granularity in a portfolio dominated by intermittent demand, not a failure
of the models relative to the naive benchmark.

The directional bias patterns reveal meaningful differences in how each model responds to
the distributional properties of retail demand. The underprediction tendency of TFT may reflect
the interaction between its attention mechanism and the Tweedie objective: by distributing weight
across a wider temporal context, the multi-head attention layer tends to smooth out demand peaks,
systematically underestimating high-sales days. The pronounced overprediction of GRF is a di-
rect consequence of its inability to track demand oscillations. The near-zero bias of the two M5
competition participants suggests that their richer feature sets, particularly price and promotional
information, help the models anticipate demand shifts in both directions more accurately.

The gap between the models proposed in this dissertation and the two M5 competition par-
ticipants is small given the substantial differences in experimental setup. Rolled DeepAR and
DRFAM both incorporate substantially richer feature sets, including price information, promo-
tional flags, SNAP indicators, and calendar events, none of which are used in this study. Fur-
thermore, both competition solutions employ large ensembles of independently trained models, a
strategy that systematically reduces variance at the cost of computational overhead. The fact that
the three models proposed here, trained on sales history and categorical identifiers alone, achieve
WRMSSE values within 0.015 to 0.024 points of the competition winners suggests that the core
architectural choices and training objective account for a large portion of the attainable accuracy.
The marginal contribution of additional features and ensembling, whilst real, is more modest than

the complexity of those solutions might suggest.
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RQ1: The three DL models proposed in this dissertation consistently outperform all clas-
sical statistical baselines and global ML methods on WRMSSE at the store-product level,
with improvements ranging from 1.7 to 3.0 percentage points over the best classical baseline.
These gains are most pronounced for high-volume series, where the temporal representations
learned by the DL models provide an advantage over series-by-series statistical approaches.
The results confirm that global DL architectures trained on real operational data can improve
demand forecasting accuracy in the food retail sector, although the magnitude of improvement
is moderated by the dominance of intermittent demand patterns in the portfolio, which limit

the informative signal available to the recurrent encoders.

6.2 Scalability Analysis

This section addresses the second research question by evaluating how the computational cost
and forecasting accuracy of the three DL models developed in this dissertation evolve as the num-
ber of stores included in the training corpus increases. Performance is assessed through both the
accuracy metrics and a set of computational metrics covering training time, inference time, mem-

ory consumption, parameter count, and Floating Point Operations (FLOPs) estimates.

6.2.1 Experimental Setup

To evaluate how each model scales with the size of the training corpus, four scalability scenarios
are defined, each corresponding to a distinct subset of the M5 dataset of increasing size. The three
architectures evaluated in this study, LSTM, TFT, and DeepAR-Direct, are trained and evaluated
independently under each scenario, allowing their computational and predictive behaviour to be
observed as the number of stores, and consequently the number of time series, grows.

The scenarios are constructed by varying the number of stores included in the training and
evaluation corpus, from a single store in Scenario 1 to the full ten-store dataset in Scenario 4.
Since each store contributes exactly 3,049 store-item series to the dataset, the total number of
series scales linearly with the number of stores, ranging from 3,049 in Scenario 1 to 30,490 in
Scenario 4. Within each scenario, all series belonging to the selected stores are included without
filtering, preserving the full heterogeneity of demand patterns present in each subset.

Store selection was performed randomly within each scenario, with the constraint that the
stores selected for a given scenario are not necessarily a superset of those in the preceding one.
This design choice reflects the goal of evaluating scalability as a function of dataset size rather
than as a cumulative expansion of a fixed core, avoiding the confound that would arise if each
scenario simply added stores to the previous one. The stores assigned to each scenario are listed
in Table 6.3.

Across all four scenarios, the training and evaluation protocol remains identical to that de-
scribed in Section 5.3: the same expanding window cross-validation scheme is used for hyperpa-

rameter optimisation, the same final training procedure is applied, and forecasts are generated for
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Table 6.3: Store composition and series count for each scalability scenario.

Scenario Stores Series
1 CA_1 3,049
2 CA 4, TX 1, WL 1 9,147
3 CA_1,CA 4, TX 2, WI 2, WL 3 15,245
4 CA_1,CA 2,CA_3,CA 4, TX 1, TX 2, TX 3, WL 1, WI 2, WL 3 30,490

the same 28-day horizon. This consistency ensures that any differences in computational cost or
predictive accuracy observed across scenarios are attributable to the change in dataset size rather
than to differences in the experimental protocol. Hyperparameters are optimised independently
for each model and each scenario, allowing each configuration to adapt to the scale of the data it

is trained on rather than inheriting a fixed configuration from a different setting.

6.2.2 Scalability Metrics

Evaluating scalability requires looking beyond predictive accuracy alone. As the number of stores
grows, so does the volume of data on which each model must be trained, the number of series over
which inference must be performed, and the computational resources required to support both.
To characterise these dimensions systematically, a set of metrics is defined that together capture
the cost of training and deploying each model under each of the four scalability scenarios. These
metrics fall into two broad categories: those that describe the cost of the training phase, and those
that describe the cost of inference.

On the training side, five quantities are recorded for each model and scenario. The total training
time, expressed in seconds, measures the wall-clock duration of the final training run from the first
epoch to convergence, excluding hyperparameter optimisation. This reflects the computational
effort required to fit the model on a given dataset and is the most direct measure of training cost.
The number of epochs to convergence is also recorded, capturing how many full passes through the
training data were required before the early stopping criterion was met. Together with the batch
size, this quantity determines the total number of parameter updates performed during training
and therefore contextualises the observed training times. Alongside this, the peak and average
GPU VRAM consumption during training are recorded in megabytes, capturing respectively the
maximum memory demand at any point during the run and the typical memory footprint sustained
throughout. These two quantities are complementary: peak VRAM determines whether a model
can be trained on a given GPU at all, whilst average VRAM reflects the efficiency with which
memory is utilised over the course of training. Finally, the number of trainable parameters is
counted for each model and scenario using PyTorch’s standard parameter enumeration, summing
the element counts of all tensors for which gradient computation is enabled. Since the item and
store embedding layers grow with the number of unique identifiers in the dataset, the parameter

count is not fixed across scenarios and is therefore treated as a scalability metric.
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The computational cost of a single forward pass is estimated using the thop? library, which in-
struments the model’s computational graph and accumulates floating-point operation counts across
all layers. Because the cost of a single forward pass determines the computational burden of both
training and inference, it is reported separately as a metric shared between both phases. For train-
ing, the estimated FLOPs are obtained by multiplying the forward pass cost by three [36], follow-
ing the standard approximation that the backward pass incurs approximately twice the cost of the
forward pass due to the computation of gradients with respect to both activations and parameters.
For inference, the raw forward pass cost is reported directly. In both cases, the FLOPs value is
reported for the full batch used during profiling.

Applying thop to the three architectures requires different levels of instrumentation. For the
LSTM and DeepAR-Direct, the standard thop profiler is sufficient, as both architectures are com-
posed entirely of operations that thop tracks natively. The TFT, however, contains several custom
modules whose internal operations are not visible to the standard profiler: the interpretable multi-
head attention mechanism, which performs explicit query-key and attention-value matrix multi-
plications outside the standard nn.MultiheadAttention® interface; the gated linear units, whose
sigmoid activations and element-wise multiplications are not captured by the linear layer hooks;
and the GateAddNorm modules, whose residual additions fall outside the default operation reg-
istry. For each of these, a dedicated FLOPs counter is registered with thop prior to profiling,
ensuring that the resulting estimates are architecturally complete and comparable across models.

On the inference side, two additional quantities are recorded. The total inference time mea-
sures the wall-clock duration required to generate forecasts for all series in a given scenario in a
single pass, expressed in seconds. This reflects the latency a deployed system would incur when
producing a full set of store-item forecasts, and scales naturally with the number of series as the
scenario grows. The peak GPU VRAM consumption during inference is also recorded, captur-
ing the maximum memory demand encountered when processing the full series portfolio. Unlike
training VRAM, inference VRAM is typically lower and grows more predictably with batch size,
but remains a relevant constraint in resource-limited deployment environments.

Table 6.4 summarises all metrics used in this analysis, together with their phase of measure-

ment and a brief description of what each captures.

6.2.3 Results

Table 6.5 presents the hyperparameter configurations selected by Optuna for each model and sce-
nario. These configurations vary across scenarios, reflecting the fact that the optimal architectural
choices depend on the scale of the training corpus. The hidden size of the TFT grows from 64
in Scenario 1 to 256 in Scenario 3 before returning to 128 in Scenario 4, whilst the LSTM se-
lects a hidden size of 256 across the first three scenarios but drops to 64 in Scenario 4. The

DeepAR-Direct consistently selects a hidden size of 64 across all scenarios, suggesting that its

2https://pypi.org/project/thop/, accessed 1 Jun 2026.
3https ://docs.pytorch.org/docs/2.12/generated/torch.nn.MultiheadAttention.html,
accessed 2 Jun 2026.


https://pypi.org/project/thop/
https://docs.pytorch.org/docs/2.12/generated/torch.nn.MultiheadAttention.html

Experiments and Results 54

Table 6.4: Summary of scalability metrics used in the analysis.

Metric Phase Description

Total training time (s) Training ~ Wall-clock duration of the final training run

Epochs to convergence Training  Number of training epochs before early stopping

Peak VRAM (MB) Training ~ Maximum GPU memory consumption during training
Average VRAM (MB) Training  Mean GPU memory consumption during training
Trainable parameters Training  Total number of learnable parameters

FLOPs training est. Training  Forward pass FLOPs x 3, reported per batch

FLOPs inference (forward) Inference Forward pass FLOPs reported per batch

Total inference time (s) Inference Wall-clock duration to forecast all series

Peak VRAM (MB) Inference Maximum GPU memory consumption during inference

encoder-decoder structure achieves sufficient representational capacity without requiring larger
hidden dimensions. The number of layers similarly varies: the LSTM selects two layers in Sce-
narios 1 through 3 but increases to three in Scenario 4, whilst the TFT consistently converges to
a single-layer configuration and the DeepAR-Direct selects two layers in Scenario 1 and three in
all subsequent scenarios. The batch size shows the most pronounced variation, ranging from 64
to 512 across models and scenarios. This variation has direct consequences for the interpretation
of training time and FLOPs, and is an important contextual factor when comparing computational

metrics across scenarios.

Table 6.5: Hyperparameter configurations selected by Optuna for each model and scenario.

Hyperparameter Scenario 1 Scenario 2 Scenario 3 Scenario 4

LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct

Hidden Size 256 64 64 256 128 64 256 256 64 64 128 64
Heads - 4 - - 4 - - 4 - - 4 -
Layers 2 1 2 2 1 3 2 1 3 3 1 3
Batch Size 64 64 256 64 256 512 512 512 256 64 128 256
Dropout 0.4084  0.2066 0.2849 0.3525  0.3430 0.3496 0.1030  0.3254 0.4919 02517 0.1727 0.4878
LR (x107%) 3.12 3.02 9.78 9.81 1.48 9.55 2.79 242 9.27 7.86 1.53 8.90

Table 6.6 presents the forecasting accuracy of each model across the four scalability scenarios.
All three models exhibit a consistent degradation in WRMSSE as the number of stores increases,
rising from values in the range 0.843—0.853 in Scenario 1 to values in the range 0.890-0.900 in

Scenario 4.

Table 6.6: Forecasting accuracy of each model across the four scalability scenarios.

Metric Scenario 1 Scenario 2 Scenario 3 Scenario 4

LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct

WRMSSE  0.8532 0.8466 0.8436 0.8742 0.8638 0.8643 0.8853 0.8817 0.8799 0.8995 0.8905 0.8939
MASE 0.9945 0.9922 1.0030 1.1027 1.0649 1.1118 1.0542 1.0616 1.0565 1.0749 1.0577 1.0805
Bias —0.0208 —0.0032 —0.0193 —0.0180 —0.0410 —0.0298 —0.0234  —0.0282 —0.0082 —0.0100 —0.0466 0.0106
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This pattern is visible in Figure 6.3, which plots the WRMSSE trajectory of each model across
scenarios. Throughout all four scenarios, the TFT and DeepAR-Direct consistently achieve lower
WRMSSE values than the LSTM, with the gap between TFT and LSTM ranging from 0.0066 in
Scenario 1 to 0.0090 in Scenario 4. The MASE follows a broadly similar trajectory, though with a
notable dip in Scenario 3 relative to Scenario 2 for all three models. In Scenario 1, all three models
record MASE values below 1.0, indicating performance superior to the seasonal naive benchmark
on this metric at single-store scale. The Bias values remain small and negative across most model-
scenario combinations, with the exception of DeepAR-Direct in Scenario 4, which records a small
positive bias of 0.0106.
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Figure 6.3: WRMSSE of each model across the four scalability scenarios.

Table 6.7 presents the computational metrics for each model across all four scenarios. The
training time trajectories are illustrated in Figure 6.4, which highlights the differences in compu-

tational cost between models as the dataset grows.

Table 6.7: Computational efficiency metrics recorded for each model across the four evaluation
scenarios.

Metric Scenario 1 Scenario 2 Scenario 3 Scenario 4

LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct LSTM TFT DeepAR-Direct

Total training time (s) 1,060 3,203 301 2,634 6,261 501 662 3,792 1,728 11,985 18,693 2,098
Epochs to convergence 6 6 9 5 16 8 7 14 11 14 7 5
Total inference time (s) 0.0667  0.6591 0.0300 0.1974 0.5537 0.0545 0.0605 0.4469 0.1209 0.5628 3.4343 0.2560
Avg. VRAM training (MB) 15.21 6.43 3.97 15.46 23.70 4.70 15.86 85.85 4.48 4.31 21.88 4.48
Peak VRAM training (MB) 50.50 41.44 65.85 51.01 301.10 143.85 18497  1,175.62 85.53 38.14 158.42 85.53
Peak VRAM inference (MB)  31.10 24.20 42.34 31.51 79.03 74.99 80.93 228.79 50.97 32.83 68.17 50.97
Trainable parameters 865,964 393,313 109,191 882,396 1,405,441 142,503 882,428 5,432,609 142,535 143,180 1,405,553 142,615
FLOPs training (x 10°) 4,377.87  925.36 2,613.57 4,465.95 141549 8,133.80 3,572.76  1,108.17 8,113.80 5,054.30 7,077.45 4,066.90
FLOPs inference (x 10°) 1,459.29  308.45 871.92 1,488.65 471.83 2,711.27 1,190.92 369.39 3,693.89 1,684.77  2,359.15 1,355.63

Batch Size 64 64 256 64 256 512 512 512 256 64 128 256
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Figure 6.4: Training time of each model across the four scalability scenarios, expressed in seconds.

The training time of the TFT is consistently the highest across all scenarios, ranging from 3,203
seconds in Scenario 1 to 18,693 seconds in Scenario 4. The DeepAR-Direct is consistently the
fastest to train, with times ranging from 301 seconds in Scenario 1 to 2,098 seconds in Scenario
4, a factor of approximately 2 to 13 times faster than the TFT across scenarios. The LSTM
occupies an intermediate position in Scenarios 1 and 2, but its training time increases sharply to
11,985 seconds in Scenario 4, narrowing the gap with the TFT considerably. The non-monotonic
behaviour visible in the training time curves reflects changes in both the batch size and the number
of epochs to convergence selected by Optuna rather than a genuine reduction in computational cost
per sample. This is evident in the drop in training time between Scenario 2 and Scenario 3 for both
the TFT and the LSTM.

The number of epochs to convergence varies considerably across models and scenarios. The
TFT requires the most epochs in Scenario 2 (16) and Scenario 3 (14), which contributes to its
elevated training times in those scenarios, before converging in just 7 epochs in Scenario 4 despite
the larger dataset. The LSTM converges in 5 to 7 epochs across Scenarios 1 through 3 but requires
14 epochs in Scenario 4, partially explaining the sharp increase in training time at full scale. The
DeepAR-Direct shows the most stable convergence behaviour, requiring between 5 and 11 epochs
across all scenarios.

Inference time follows a pattern broadly consistent with training time. The TFT requires the
most time to generate forecasts across all scenarios, reaching 3.43 seconds in Scenario 4. The
DeepAR-Direct is again the fastest, completing inference in 0.26 seconds in Scenario 4. The
LSTM falls between the two, with an inference time of 0.56 seconds in Scenario 4.

The peak GPU VRAM consumption during training reveals a pronounced difference between
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the TFT and the other two models. Whilst the LSTM and DeepAR-Direct remain below 200 MB
across all scenarios, the TFT reaches 1,175.62 MB in Scenario 3 before dropping to 158.42 MB
in Scenario 4. This anomalous peak in Scenario 3 coincides with the largest batch size selected
for the TFT (512), which substantially increases the memory footprint of the attention mechanism
during training. The average VRAM during training is considerably lower than the peak for all
models, reflecting the fact that peak consumption occurs during specific operations rather than
being sustained throughout the run. During inference, peak VRAM values are substantially lower
than during training for all models, with the TFT reaching a maximum of 228.79 MB in Scenario
3.

The number of trainable parameters varies considerably across models and scenarios. The TFT
exhibits the largest parameter counts overall, growing from 393,313 in Scenario 1 to 5,432,609
in Scenario 3 before returning to 1,405,553 in Scenario 4, a variation driven primarily by the
change in hidden size selected by Optuna. The LSTM shows a similar pattern, peaking at 882,428
parameters in Scenario 3. The DeepAR-Direct maintains the smallest and most stable parameter
count across all scenarios, ranging from 109,191 to 142,615, consistent with its fixed hidden size
of 64 and the limited growth of the store and item embedding layers as the number of stores
increases.

The raw FLOPs per batch for training and inference are reported in Table 6.7 alongside the
corresponding batch size, allowing the reader to derive per-series estimates where needed. The
TFT exhibits considerably higher FLOPs in Scenario 4 compared to the other scenarios, reflecting
the larger hidden size of 128 selected by Optuna. The DeepAR-Direct shows a notable increase in
inference FLOPs in Scenario 3, driven by the interaction between its three-layer decoder and the
larger batch size of 256.

6.2.4 Discussion

The most consistent finding across all four scalability scenarios is the degradation of forecasting
accuracy as the number of stores increases. This pattern is not unexpected: as the training corpus
grows to encompass stores from different states and with different demand profiles, the models
must generalise across a more heterogeneous portfolio, and the fixed-capacity architectures se-
lected by Optuna are not always sufficient to absorb the additional complexity. The accuracy
degradation between Scenario 1 and Scenario 4 is broadly similar across the three models, with
the DeepAR-Direct showing a marginally larger absolute increase in WRMSSE than the LSTM
and TFT. Whilst these differences are modest in absolute terms, they suggest that the structured
input processing of the TFT, which selects and weights features through its variable selection net-
works, provides a degree of robustness to portfolio heterogeneity that the simpler LSTM encoder
does not.

The relationship between model complexity and forecasting accuracy is not straightforward
when examined across scenarios. In Scenario 1, the three models achieve broadly similar WRMSSE
values, with a spread of less than 0.01 points. As the number of stores grows, the TFT and
DeepAR-Direct maintain closer WRMSSE values to each other than either does to the LSTM,
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suggesting that the recurrent encoder-decoder structure of the DeepAR-Direct and the attention
mechanism of the TFT share a form of representational advantage over the simpler LSTM when
faced with larger and more heterogeneous portfolios. This advantage, however, comes at very
different computational costs for the two models, which is where the most practically significant
findings of this analysis lie.

The DeepAR-Direct emerges as the most computationally efficient architecture across all sce-
narios by a substantial margin. Its training times are consistently the lowest, its parameter counts
are the smallest and most stable, and its inference latency remains well below that of the other two
models even at full ten-store scale. This efficiency is not achieved at the expense of accuracy: the
DeepAR-Direct records competitive WRMSSE values throughout, and in Scenario 1 achieves the
lowest WRMSSE of the three models. The architectural explanation for this efficiency lies in the
combination of its encoder-decoder design and its fixed hidden size of 64 across all scenarios. The
encoder-decoder structure allows the model to process the forecast horizon sequentially without
requiring a large hidden representation to summarise the full input window into a single vector, as
the LSTM does. The result is a model that scales: as the number of series grows, the per-series
computational cost remains stable, and the total training and inference time increases primarily as
a function of dataset size rather than model complexity.

The TFT presents the opposite profile. It is consistently the most expensive model to train and
to deploy, and the gap between its computational cost and that of the other two models widens
substantially at full scale. The attention mechanism at the core of the TFT is inherently quadratic
in the sequence length, and whilst the lookback window of 28 days is short enough to keep this
cost manageable in isolation, the combination of a larger hidden size, multiple gating operations,
and the static enrichment pathway results in a higher per-sample cost than either of the recurrent
alternatives. The anomalous peak VRAM consumption of 1,175.62 MB in Scenario 3 illustrates
the memory sensitivity of the architecture: when the batch size increases to 512, the attention
computation must maintain a full set of query, key, and value representations for every sample
in the batch simultaneously, placing a disproportionate burden on GPU memory relative to the
LSTM or DeepAR-Direct. In practical deployment terms, this memory sensitivity is a constraint,
as it limits the batch sizes that can be used during training on hardware with restricted VRAM.

The accuracy advantage of the TFT over the LSTM is real but modest, and must be weighed
against its substantially higher computational cost. Across all four scenarios, the TFT achieves a
lower WRMSSE than the LSTM, but the margin remains modest throughout. Whether this im-
provement justifies a training time that is consistently between two and thirteen times longer de-
pends entirely on the operational context. In settings where forecasting accuracy has a direct and
measurable economic impact, the additional cost may be warranted. In settings where computa-
tional resources are constrained or where models must be retrained frequently, the DeepAR-Direct
offers a more practical balance between accuracy and efficiency.

A further observation concerns the stability of the hyperparameter configurations selected
across scenarios. The DeepAR-Direct converges to a consistent configuration, with a hidden size

of 64 and three layers from Scenario 2 onwards, suggesting that this architecture reaches a stable
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optimum that generalises well across scales. The TFT and LSTM, by contrast, show more varia-
tion in their selected configurations, with hidden size, batch size, and epochs to convergence fluc-
tuating considerably between scenarios. This instability has practical implications: it means that
a configuration optimised for a smaller dataset cannot be reliably transferred to a larger one, and
that hyperparameter optimisation must be repeated independently for each scale of deployment.
The DeepAR-Direct’s configuration stability is therefore an additional argument in its favour from

a deployment perspective, beyond its raw computational efficiency.

r Y

RQ2: All three DL. models exhibit a consistent degradation in forecasting accuracy as the
number of stores increases, reflecting the greater heterogeneity of larger portfolios. The
DeepAR-Direct is the most computationally efficient architecture across all scenarios, achiev-
ing competitive accuracy with the smallest parameter counts, lowest training times, and lowest
inference latency, whilst maintaining a stable hyperparameter configuration across scales. The
TFT achieves the best accuracy at full scale but at a substantially higher computational cost,
with training times between two and thirteen times longer than the DeepAR-Direct and pro-
nounced memory sensitivity at large batch sizes. The LSTM is the least accurate of the three
models, and its training time grows sharply at full scale, reducing its practical advantage over
the TFT. These findings suggest that the choice of architecture for scalable retail demand
forecasting involves a meaningful trade-off between accuracy and computational cost, and
that the DeepAR-Direct offers the most favourable balance across the scenarios evaluated in
this study.

6.3 Robustness Analysis

This section addresses the third research question by evaluating how the predictive performance
of the three DL models varies across the four demand pattern classes defined by the Syntetos-
Boylan framework. Performance is decomposed at series level using the MASE and Bias metrics,
and complemented by an analysis of time series properties extracted with the ete_ts* library,
with the aim of identifying which signal characteristics are most strongly associated with forecast

difficulty within each demand pattern class.

6.3.1 Experimental Setup

The robustness analysis is conducted on the results of Scenario 4, the full ten-store dataset intro-
duced in Section 6.2.1. With 30,490 store-item series spanning stores from three US states and
covering the full heterogeneity of the M5 portfolio, Scenario 4 provides the most representative
basis for drawing conclusions about model behaviour across demand patterns. A smaller scenario

would preserve the same pattern distribution but reduce the statistical weight behind each class,

4https ://franciscovmacieira.github.io/ete_ts/, accessed 6 Jun 2026.


https://franciscovmacieira.github.io/ete_ts/

Experiments and Results 60

particularly Smooth and Erratic, which together account for fewer than 3,000 series even at full
scale.

The Syntetos-Boylan classification, introduced in Section 5.1, provides the framework through
which robustness is examined. By partitioning the portfolio along the two dimensions of demand
frequency and size variability, it groups series that present structurally similar forecasting chal-
lenges, making it possible to isolate how model performance varies with the nature of the demand
signal rather than with arbitrary product or store characteristics. Each class therefore represents a
qualitatively distinct test of model robustness, and the degree to which performance degrades from
Smooth to Intermittent is a direct measure of how well each architecture handles the irregular and
sparse demand structures that dominate food retail portfolios.

The choice of MASE as the primary accuracy measure for this analysis follows directly from
the nature of the question being asked. The WRMSSE, used as the primary metric in the first re-
search question, weights each series by its contribution to total sales volume, which is appropriate
when the goal is to assess economic impact at portfolio level. Here, the goal is different: to under-
stand how model behaviour varies across series of different structural character, regardless of their
commercial weight. The MASE, computed independently for each series and aggregated without
weighting across each demand class, treats a slow-moving Intermittent series and a high-volume
Smooth series as equally informative observations, which is precisely what a structural analysis
requires. Bias is examined alongside MASE to capture the directional dimension of errors within
each class. Whilst its scale-dependence precludes direct comparison across individual series, it
remains informative as an aggregate measure within each demand class, where the interest lies in
the sign and relative magnitude of systematic error rather than in cross-series comparisons.

The analysis proceeds in two stages. The first examines the distribution of MASE and Bias
across the four demand pattern classes for all three models, characterising how error magnitude
and directional tendency shift as demand becomes sparser and more irregular. The second stage
examines, within each demand class, the relationship between per-series signal characteristics and
forecast error, using a set of time series properties extracted with the ete_ts library. These
properties were selected because they collectively cover the dimensions most directly relevant
to forecast difficulty in retail demand: signal volatility, predictable structure, seasonal regular-
ity, temporal memory, and structural complexity. Crucially, they capture variation within each
Syntetos-Boylan class that the ADI and CV? thresholds cannot resolve, since two series may share
the same classification whilst differing in their underlying temporal dynamics. Five properties are
therefore considered: fluctuation, which measures the proportion of large changes in the series;
forecastability, which quantifies the strength of predictable structure relative to noise; seasonal
strength, which captures the magnitude of the weekly seasonal component; autocorrelation rele-
vance, which measures how rapidly the autocorrelation function decays as a proxy for temporal
memory; and complexity, which estimates the structural richness of the normalised series. These
properties are examined through scatter plots stratified by demand class and model, with the aim
of identifying which specific signal characteristics are most strongly associated with forecast error

within each pattern category.
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6.3.2 Results

Figure 6.5 presents the distribution of per-series MASE across the four demand pattern classes
for all three models, and Table 6.8 reports the corresponding descriptive statistics. The most im-
mediate observation is the pronounced and consistent degradation in forecast accuracy as demand
becomes sparser and more irregular. Across all three models, median MASE rises from approxi-
mately 0.74 in the Smooth class to values approaching or exceeding 1.0 in the Intermittent class,
with Lumpy series occupying an intermediate position at medians around 0.85 to 0.87. The Erratic
class presents a partial exception to this progression: despite its high size variability, its median
MASE is slightly lower than that of Smooth series for all three models, with values of 0.701,
0.688, and 0.699 for LSTM, TFT, and DeepAR-Direct respectively. This counterintuitive result
is accompanied by a wider Interquartile Range (IQR), reflecting greater dispersion rather than
uniformly better performance across the class.

LSTM

TFT
1.75 4 DeepAR-Direct

1.50 1

1.254

MASE

0.75 1

0.50 1
0.25 4

Smooth Erratic Lumpy Intermittent

Figure 6.5: MASE distribution by demand pattern class for all three models. Outliers removed
using the IQR method for visualisation purposes.

The spread of errors, as measured by the IQR, follows a pattern that is as informative as the
central tendency. For Smooth and Erratic series, the IQR remains below 0.38 across all models,
indicating a relatively concentrated error distribution. For Lumpy series, the IQR expands to ap-
proximately 0.47 to 0.48, and for Intermittent series it stabilises at around 0.47 across all three
models. The percentage of series recording a MASE above 1.0 rises sharply across the demand
classes, from below 20% in the Smooth and Erratic classes to 35% in the Lumpy class, reach-
ing values between 47.7% and 50.2% in the Intermittent class depending on the model. Among
the three architectures, the TFT records the lowest proportion of Intermittent series above this
threshold at 47.7%, whilst the DeepAR-Direct records the highest at 50.2%.

Across all four demand pattern classes, the three models produce similar MASE distribu-

tions. The TFT records the lowest median in every class, with margins of at most 0.013 MASE
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Table 6.8: Descriptive statistics of per-series MASE by demand pattern class and model.

Pattern Model Median IQR Q1 Q3 Min Max Y% MASE >1
LSTM 0.744 0309 0.615 0.924 0.203 3.655 18.5
Smooth TFT 0.737 0310 0.607 0917 0.233 3.843 17.9
DeepAR-Direct  0.745 0.303 0.615 0919 0.216 3.566 18.5
LSTM 0.701 0368 0.550 0.917 0.188  3.998 19.6
Erratic TFT 0.688 0376 0.539 0915 0.159 3.965 19.2
DeepAR-Direct  0.699  0.360 0.547 0.907 0.142 4.618 18.8
LSTM 0.859 0472 0.666 1.138 0.101 24.360 35.0
Lumpy TFT 0.852 0476 0.658 1.133 0.122 23.133 34.2
DeepAR-Direct  0.868 0479 0.673 1.152 0.093 27.876 35.7
LSTM 0.995 0468 0.801 1.269 0.127 50.940 49.3
Intermittent TFT 0.980 0468 0.786 1.254 0.109 36.836 47.7
DeepAR-Direct  1.002 0478 0.803 1.281 0.121 42.057 50.2

points over the LSTM and 0.022 points over the DeepAR-Direct within any single class. These
differences are consistent in direction but narrow in magnitude, suggesting that the architectural
distinctions between the three models do not translate into substantially different robustness pro-
files across demand pattern classes. All three architectures degrade in a broadly parallel fashion
as demand becomes more irregular.

Figure 6.6 and Table 6.9 present the Bias distributions across the four demand pattern classes.
The most striking feature of these results is how consistently the median Bias remains close to zero
across all classes and all models. In every combination of pattern class and model, the median lies
between —0.119 and 0.029, indicating that none of the three architectures develops a systematic
directional tendency that is stable across the series within any given class.

What the Bias distributions do reveal, however, is a substantial difference in dispersion across
demand pattern classes that is not visible in the MASE results. The IQR of Bias is widest for
Erratic series, reaching 1.859 for the LSTM, 1.853 for the TFT, and 1.741 for the DeepAR-Direct,
values that are approximately seven times larger than the corresponding figures for Intermittent
series, where the IQR narrows to around 0.25 across all models. For Lumpy series, the IQR
occupies an intermediate position at values between 0.572 and 0.587 across the three models.

A consistent pattern across all demand classes is a slight tendency for the TFT to record more
negative median Bias values than the LSTM and DeepAR-Direct. In the Erratic class, the TFT
median reaches —0.119, compared to —0.032 for the LSTM and —0.047 for the DeepAR-Direct.
In the Lumpy class, the TFT records —0.028 against values of —0.004 and 0.026 for the LSTM
and DeepAR-Direct respectively. In the Smooth and Intermittent classes, the same directional
pattern holds, though the differences between models are smaller in magnitude.

Figures 6.7, 6.8, and 6.9 present scatter plots of fluctuation against per-series MASE for the
LSTM, TFT, and DeepAR-Direct respectively, with each panel corresponding to one of the four
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Figure 6.6: Bias distribution by demand pattern class for all three models. Outliers removed using
the IQR method for visualisation purposes.

Table 6.9: Descriptive statistics of per-series Bias by demand pattern class and model.

Pattern Model Median IQR Q1 Q3 Min Max % Bias>0
LSTM 0.013  1.221 —-0.564 0.656 —35.549 30.208 50.7
Smooth TFT —-0.073 1233 —-0.713 0.520 —-12.779 30.261 46.6
DeepAR-Direct  0.029 1.236 —0.588 0.647 —15.173 31.266 51.3
LSTM —0.032 1.859 —1.006 0.853 —38.179 14.503 49.0
Erratic TFT —0.119 1.853 —1.184 0.669 —34.460 12.104 45.4
DeepAR-Direct —0.047 1.741 —1.017 0.724 —29.479 13.741 47.8
LSTM —0.004 0.572 —-0.324 0.248 -—26.769 11.713 49.5
Lumpy TFT —0.028 0.574 —-0.359 0.214 —20.113 9.842 46.8
DeepAR-Direct  0.026  0.587 —0.288 0.299 —17.069 21.261 52.8
LSTM 0.010 0250 —0.124 0.126 —16.679 14.644 52.4
Intermittent TFT —0.004 0.251 -0.139 0.112 —-11.338 13.892 49.0

DeepAR-Direct  0.022  0.257 -0.104 0.153 —18.309 16.152 55.6
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demand pattern classes. The three figures are visually consistent across models, indicating that
the relationship between fluctuation and forecast error does not vary substantially with the choice
of architecture. Within the Smooth and Erratic classes, the scatter plots show a diffuse cloud
with no discernible directional trend: series with high fluctuation do not systematically attract
higher MASE values than those with low fluctuation, and the error distribution appears largely
independent of this property within both classes. The Lumpy class presents a broadly similar
picture, with the added complexity of a wider MASE range that reflects the greater difficulty of

that class overall.
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Figure 6.7: Scatter plots of fluctuation against per-series MASE for the LSTM, stratified by de-
mand pattern class.

The Intermittent class tells a different story. Across all three models, the scatter plots reveal a
characteristic asymmetric shape in which the density of points is highest at low fluctuation values
and low to moderate MASE, whilst the tail of high-error series extends predominantly into the
region of lower fluctuation. Series with fluctuation values above approximately 0.6 are almost ex-
clusively concentrated in the MASE range below 1.0, whilst the proportion of series with MASE
above 1.0 increases progressively as fluctuation decreases. This pattern is consistent across the
LSTM, TFT, and DeepAR-Direct. The scatter plots for the remaining time series properties ex-
amined, namely forecastability, seasonal strength, autocorrelation relevance, and complexity, are

presented in Appendix A for completeness.
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Figure 6.8: Scatter plots of fluctuation against per-series MASE for the TFT, stratified by demand
pattern class.
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Figure 6.9: Scatter plots of fluctuation against per-series MASE for the DeepAR-Direct, stratified
by demand pattern class.
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6.3.3 Discussion

The results establish a clear and consistent hierarchy of difficulty across the four demand pattern
classes that holds regardless of the architecture being evaluated. Smooth and Erratic series, de-
spite their structural differences in size variability, present a tractable forecasting environment for
all three models, with median MASE values well below 1.0 and fewer than one in five series ex-
ceeding that threshold. The more consequential finding is the sharp deterioration in performance
at the Lumpy and Intermittent classes, where the combination of sparse demand occurrence and
irregular magnitudes substantially reduces the predictive signal available to the recurrent encoders.
That this degradation is nearly identical across the three architectures is itself a important result:
it suggests that the robustness ceiling encountered in the Intermittent class is not an architectural
limitation of any particular model but a property of the demand signal itself. When demand occurs
infrequently and in irregular quantities, the 28-day lookback window carries limited exploitable
structure, and the capacity advantages of the TFT’s attention mechanism or the DeepAR-Direct’s
encoder-decoder design provide little additional leverage over the simpler LSTM encoder.

The Erratic class warrants particular attention. Its median MASE is marginally lower than that
of Smooth series across all three models, a result that appears counterintuitive given that Erratic
series are defined by high size variability. The explanation lies in the distinction between what the
Syntetos-Boylan classification captures and what drives MASE specifically. The ADI threshold
that separates Smooth from Erratic series concerns demand frequency, not temporal predictability:
Erratic series occur as regularly as Smooth ones, which means the recurrent encoders receive a
dense observation signal at every timestep. The high CV? of Erratic series introduces uncertainty
in the magnitude of individual forecasts, but the regularity of demand occurrence ensures that the
models are never confronted with the structural sparsity that characterises Intermittent and Lumpy
series. The wider IQR of Erratic MASE relative to Smooth reflects this magnitude uncertainty
without shifting the central tendency upward.

The Bias results reveal a dimension of model behaviour that the MASE analysis does not
capture. The near-zero median Bias across all classes and all models confirms that none of the
three architectures develops a stable directional tendency at the class level, a consequence of the
Tweedie training objective, which does not penalise overestimation and underestimation asymmet-
rically and therefore does not drive the optimisation towards either direction systematically. The
more operationally relevant finding is the pronounced difference in Bias dispersion across classes.
The IQR of Bias for Erratic series is approximately seven times wider than for Intermittent series,
reaching values above 1.8 for the LSTM and TFT. This asymmetry reflects the structural reality
of each class: for Intermittent series, the prevalence of zero demand constrains the range of pos-
sible signed errors, and the models converge towards low-magnitude predictions that are similarly
calibrated regardless of the true demand level. For Erratic series, the high variability of non-zero
demand sizes means that individual series can attract large positive or negative errors, and the
wide Bias IQR reflects this sensitivity to magnitude uncertainty rather than a systematic direc-

tional failure. The consistently more negative median Bias of the TFT across all demand classes,
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most pronounced in the Erratic class at —0.119, is consistent with its portfolio-level underpredic-
tion tendency and suggests that this tendency is not confined to a specific demand structure but is
a general characteristic of the model’s behaviour that manifests with varying intensity depending
on the size variability of the series.

The scatter plots of fluctuation against per-series MASE provide the most granular insight
into the drivers of forecast difficulty within individual demand classes. For Smooth, Erratic, and
Lumpy series, fluctuation shows no consistent directional relationship with MASE, indicating that
within these classes the volatility of the demand signal does not systematically amplify forecast
error. The Intermittent class is the exception. The asymmetric distribution of points, in which
high-fluctuation series cluster at low MASE whilst low-fluctuation series extend into the high-
error tail, holds consistently across all three models and indicates that within the Intermittent
class, the volatility of the demand signal is a meaningful contributor to forecast difficulty that
operates independently of architectural differences. This finding refines the picture provided by
the Syntetos-Boylan classification alone: two Intermittent series that share the same ADI and CV>
can differ substantially in their forecastability depending on the magnitude of their step changes,
and that difference is reflected in the error distributions of all three models in the same way.
The remaining time series properties examined, forecastability, seasonal strength, autocorrelation
relevance, and complexity, did not reveal consistent directional relationships with MASE within
any demand class across the three models, as shown in Appendix A, suggesting that fluctuation
is the property most strongly associated with within-class variation in forecast difficulty for the

Intermittent demand pattern.

RQ3: All three DL. models exhibit a consistent and parallel degradation in forecast accu-
racy as demand becomes sparser and more irregular, with median MASE rising from ap-
proximately 0.74 in the Smooth class to values at or above 1.0 in the Intermittent class. The
similarity of this degradation across architectures indicates that the robustness ceiling encoun-
tered in the Intermittent class reflects the informational constraints of sparse demand signals
rather than the limitations of any individual model. None of the three architectures develops
a systematic directional bias within any demand class, though the TFT displays a consistently
more negative median Bias across all classes, in line with its portfolio-level underprediction
tendency. Within the Intermittent class, which accounts for 73.3% of the portfolio, fluctu-
ation emerges as the time series property most strongly associated with forecast difficulty,
with low-fluctuation series contributing predominantly to the high-error tail across all three

models.




Chapter 7

Conclusions and Future Work

This chapter presents the conclusions drawn from the empirical work conducted in this dissertation
and outlines directions for future research. Section 7.1 synthesises the main findings across the
three research questions. Section 7.2 identifies the most promising directions for extending this

study.

7.1 Conclusions

This dissertation investigated whether advanced DL architectures, trained on large-scale real op-
erational data, can deliver practical forecasting value in the food retail sector. The empirical work
was conducted using the M5 Walmart dataset and evaluated three global architectures, LSTM,
TFT, and DeepAR-Direct, across three complementary dimensions: predictive accuracy, compu-
tational scalability, and robustness to heterogeneous demand patterns.

The accuracy results confirm that global DL architectures, each trained across thousands of
store-item series simultaneously, consistently outperform classical statistical baselines and global
ML methods on real operational data. The gains are modest in absolute terms but uniform across
the three architectures. The proximity of the proposed models to the M5 competition winners,
achieved without price information, promotional flags, or ensemble strategies, suggests that the
core modelling decisions adopted here capture a substantial portion of the attainable accuracy from
sales history alone. The divergence between WRMSSE and MASE rankings reveals, however, that
these gains are not uniformly distributed across the portfolio. The advantage of the DL models is
concentrated in higher-volume series, whilst the sparse and irregular demand of the Intermittent
majority provides limited signal for the recurrent encoders to exploit.

The scalability analysis reveals that the architecture selection problem in retail forecasting
extends well beyond predictive accuracy. The three models degrade in accuracy as the portfo-
lio grows, but the rate and cost of that degradation differ, and those differences can have direct
operational consequences. The DeepAR-Direct demonstrates that competitive accuracy and com-
putational efficiency are not mutually exclusive: its encoder-decoder design scales to larger port-

folios without the memory sensitivity or training time volatility that constrain the TFT in larger
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scenarios. The TFT’s accuracy advantage at full scale is real but must be weighed against a higher
computational cost. The LSTM is the least accurate of the three models, whilst occupying an
intermediate position on computational cost, faster than the TFT but falling short of the DeepAR-
Direct on efficiency. These findings reframe architecture selection as a trade-off problem rather
than a purely technical one, where the right choice depends as much on the deployment context as
on the accuracy figures.

The robustness analysis delivers perhaps the most consequential finding of the three. The par-
allel degradation of all three architectures as demand becomes sparser and more irregular points
to a ceiling that appears to be set not by the models themselves but by the informational content
of the demand signal. In a portfolio dominated by Intermittent series, the 28-day lookback win-
dow carries limited exploitable structure, and the capacity advantages of attention mechanisms or
encoder-decoder designs provide little additional leverage over a simpler recurrent encoder.

The three research questions, taken together, demonstrate that global DL architectures trained

on real operational data are a viable and competitive approach to demand forecasting in food retail.

7.2 Future Work

The findings of this dissertation open several directions for future research, each building on the
empirical foundations established here.

The most direct extension concerns the incorporation of exogenous variables into the model in-
puts. The current study deliberately limits the input representation to sales history and categorical
identifiers, a decision motivated by the goal of isolating the contribution of the core architectural
choices from the effect of additional features. The gap between the models proposed here and the
two M5 competition participants is at least partially attributable to the absence of price informa-
tion, promotional flags, SNAP purchase indicators, and calendar events, all of which are available
in the M5 dataset and were exploited by both competition solutions. Incorporating these variables
would provide a more complete assessment of what these architectures can achieve under realistic
operational conditions. It would also allow a direct quantification of the marginal contribution of
exogenous information relative to the sales-history-only baseline established in this study.

The lookback window length was fixed at 28 days across all experiments, matching the fore-
cast horizon and aligning with the setup of the third-placed M5 solution. Whilst this choice is
practically motivated, it was not empirically optimised, and there is no a priori reason to expect
that 28 days represents the optimal historical context for all demand pattern classes. For Smooth
and Erratic series, where demand is dense and recent history is informative, a shorter window
may be sufficient. For Intermittent and Lumpy series, a longer window might provide additional
context about the frequency and magnitude of past demand events. Treating the lookback length
as a hyperparameter subject to optimisation, rather than a fixed design constant, would allow each
architecture to adapt its temporal receptive field to the structure of the series it is trained on.

The evaluation in this dissertation is conducted exclusively at a forecast horizon of 28 days,

inherited from the M5 competition setup. Extending the analysis to shorter and longer horizons
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would establish whether the relative performance of the three architectures is stable across tempo-
ral scales or whether certain designs are better suited to specific planning contexts. Furthermore,
all three models adopt a direct multi-step forecasting strategy that produces all horizon steps simul-
taneously. Whether this approach scales favourably to substantially longer horizons, or whether
alternative decoding strategies become preferable as the horizon grows, remains an open question.

The three models produce point forecasts, providing a single expected demand value for each
store-item-day combination without any quantification of uncertainty. In a retail inventory context,
the distribution of forecast errors is as operationally relevant as the central estimate: setting safety
stock levels, managing perishable products, and planning promotional inventory all require some
characterisation of forecast uncertainty. Extending the architectures to produce probabilistic out-
puts would therefore open a complementary line of evaluation, particularly for the Intermittent and
Lumpy classes where the high variance of per-series errors suggests that uncertainty quantification
may carry operational value.

The computational cost of the TFT raises a practical question about its viability in resource-
constrained deployment environments. Investigating strategies to reduce its computational foot-
print whilst preserving its accuracy advantage would be a natural extension of the scalability anal-
ysis conducted here. The practical deployability of transformer-based forecasting models in retail
settings depends, to a large extent, on whether that trade-off can be made more favourable.

Finally, all experiments are conducted on a single dataset from a single retailer operating in the
US. The generalisability of the findings to other retail contexts, different geographies, or different
store formats remains an open question. Evaluating whether the models transfer effectively to a
different retailer’s portfolio would provide evidence on the broader applicability of the conclusions
drawn here. Alternatively, training from scratch on a different dataset would establish whether the
relative performance of the three architectures is consistent across operational contexts or specific

to the characteristics of the M5 portfolio.
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Appendix A

Scatter Plots of Time Series Properties
Against Per-Series MASE by Demand
Pattern Class

This appendix presents scatter plots of four time series properties extracted with the ete_ts

library against per-series MASE, stratified by demand pattern class, for each of the three models

evaluated in this study.

A.1 Forecastability
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Figure A.1: Scatter plots of forecastability against per-series MASE for the LSTM, stratified by
demand pattern class.
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Figure A.2: Scatter plots of forecastability against per-series MASE for the TFT, stratified by
demand pattern class.
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Figure A.3: Scatter plots of forecastability against per-series MASE for the DeepAR-Direct, strat-
ified by demand pattern class.
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A.2 Seasonal Strength
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Figure A.4: Scatter plots of seasonal strength against per-series MASE for the LSTM, stratified

by demand pattern class.
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Figure A.5: Scatter plots of seasonal strength against per-series MASE for the TFT, stratified by
demand pattern class.
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Figure A.6: Scatter plots of seasonal strength against per-series MASE for the DeepAR-Direct,
stratified by demand pattern class.



Scatter Plots of Time Series Properties Against Per-Series MASE by Demand Pattern Class

A.3 Autocorrelation Relevance
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Figure A.7: Scatter plots of autocorrelation relevance against per-series MASE for the LSTM,
stratified by demand pattern class.
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Figure A.8: Scatter plots of autocorrelation relevance against per-series MASE for the TFT, strat-
ified by demand pattern class.
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Figure A.9: Scatter plots of autocorrelation relevance against per-series MASE for the DeepAR-
Direct, stratified by demand pattern class.
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A.4 Complexity
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Figure A.10: Scatter plots of complexity against per-series MASE for the LSTM, stratified by
demand pattern class.
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Figure A.11: Scatter plots of complexity against per-series MASE for the TFT, stratified by de-
mand pattern class.
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Figure A.12: Scatter plots of complexity against per-series MASE for the DeepAR-Direct, strati-
fied by demand pattern class.
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