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Abstract: Accurate retail demand forecasting is essential for optimizing operations, improving cus-
tomer satisfaction, and enhancing financial performance. Traditional statistical models often struggle
to handle the complexities of retail time series data, which include hierarchical structures, irregular
patterns, and external influencing factors. In this study, we evaluate the effectiveness of various
Transformer-based models for probabilistic time series forecasting in retail, leveraging the rich ex-
planatory variables provided by the M5 dataset. The models incorporate diverse features, including
calendar-related information, selling prices, and socio-economic indicators such as SNAP activities,
to capture the temporal, promotional, and socio-economic dynamics influencing sales. Our results
demonstrate that Transformer-based models augmented with explanatory variables outperform their
counterparts, providing more accurate and reliable forecasts across different horizons. We show that
these models can effectively leverage context to improve forecast accuracy and capture uncertainty
through probabilistic forecasting methods. This study highlights the potential of deep learning models
in retail demand forecasting and underscores the importance of integrating domain-specific variables
to achieve robust, context-aware predictions in dynamic retail environments.

Keywords: Transformers; time series; probabilistic forecasting; retail; covariates; deep learning;
data-driven decision-making

1. Introduction
Accurate forecasting models are fundamental to the retail industry, as they play a pivotal role

in optimizing operations, enhancing customer satisfaction, and improving financial performance [1].
Retail businesses operate in a complex environment influenced by dynamic consumer behavior,
seasonal trends, promotional activities, and external factors such as economic conditions and weather.
As a result, the ability to anticipate demand accurately is essential for effective decision-making at
strategic, tactical, and operational levels [2].

At the strategic level, forecasting models inform long-term decisions such as market entry strate-
gies, channel development, and store location planning. These decisions require robust aggregate sales
forecasts to understand market trends and the potential impacts of technological advancements or
competitive shifts. For example, accurate forecasts enable retailers to decide whether to expand into
online channels or develop smaller, local stores in response to evolving consumer preferences.

Tactically, forecasts guide mid-term planning, such as promotional strategies, category manage-
ment, and inventory allocation. Retailers use these models to determine optimal pricing, promotional
frequencies, and assortments that maximize profitability while minimizing waste. Accurate forecasts
also ensure product availability during peak demand periods, maintaining high service levels and
strengthening customer loyalty.
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Operationally, accurate forecasts address immediate needs such as store-level inventory man-
agement, workforce scheduling, and replenishment planning. These tasks require high-granularity
data, often at the stock-keeping unit (SKU) level, to minimize stockouts and overstocking [3]. For
instance, ensuring sufficient inventory levels during a promotional campaign avoids missed sales
opportunities while preventing excess stock that can lead to markdowns or spoilage. Moreover, the
financial implications of inaccurate forecasting are significant. Retail operates on thin margins, where
misaligned inventory levels can lead to substantial losses. Overestimations result in higher storage
costs and markdowns, while underestimations lead to lost sales and customer dissatisfaction. Accurate
forecasting models mitigate these risks, providing a balance between demand and supply, which is
crucial for cash flow optimization and profitability.

Deep learning models have emerged as a superior approach to time series forecasting in retail,
surpassing traditional statistical methods in handling the complexities and dynamic demands of this
domain [4]. Statistical models such as ARIMA or exponential smoothing excel in forecasting tasks with
straightforward trends and seasonality but often struggle when dealing with high-dimensional, hierar-
chical data structures, irregular sales patterns, and the integration of external influencing factors [5]. In
contrast, deep learning models are capable of capturing intricate temporal patterns and dependencies
across multiple time series [6,7]. Empirical evidence from the M4 competition and subsequent Kaggle
competitions underscores the performance superiority of deep learning models in diverse scenarios [8].
For example, the Wikipedia Web Traffic competition demonstrated the ability of recurrent neural
networks to outperform statistical benchmarks by effectively modeling long-term dependencies and in-
corporating contextual data. Similarly, the Corporación Favorita Grocery Sales competition showcased
how ensembles of neural networks and gradient boosting methods excelled in scenarios involving
hierarchical and disaggregated sales data. Another critical advantage of deep learning is its capacity
for cross-learning, where patterns are learned across multiple time series [9]. This contrasts with
traditional models that often require separate parameter estimation for each time series. Cross-learning
enables deep learning models to generalize better and produce more robust forecasts, particularly
in cases of sparse or noisy data. The findings of the M5 competition underscore this advantage [10].
The competition utilized large-scale, hierarchical sales data from Walmart, requiring forecasts across
multiple aggregation levels and incorporating external variables like pricing and special events. Deep
learning models, especially when combined with ensemble methods, demonstrated their capacity
to outperform statistical benchmarks by effectively integrating external factors and exploiting the
hierarchical structure of the data [11]. Additionally, deep learning methods provide probabilistic
forecasts, allowing for the estimation of uncertainty and prediction intervals, a critical aspect in retail
decision-making for inventory management and promotional planning. These capabilities enable
retailers to align supply with demand more effectively, reduce costs from overstocking, and mitigate
risks of stockouts [12].

The Transformer architecture has revolutionized deep learning, particularly in applications
requiring efficient handling of sequential data. While traditional neural networks and Recurrent
Neural Networks (RNNs) were pivotal in earlier stages of sequence modeling, they face specific
limitations that restrict their effectiveness in capturing complex dependencies within sequences [13].
Traditional neural networks, for instance, lack a mechanism to retain information across steps in a
sequence, rendering them inadequate for tasks requiring an understanding of long-range dependencies.
RNNs, designed to address this by incorporating recurrence, have their own limitations, notably the
vanishing gradient problem, which severely hampers their ability to learn dependencies over long
sequences. To alleviate the vanishing gradient issue, Long Short-Term Memory (LSTM) networks
and Gated Recurrent Units (GRUs) were introduced, enhancing RNNs with memory cells that can
preserve information over extended steps [14]. These architectures improved the ability of recurrent
networks to model longer dependencies, but they still suffer from key drawbacks, especially in terms
of processing speed and scalability. The sequential nature of RNNs, including LSTMs, prevents
parallel processing, resulting in slow training times and increased computational costs, particularly
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when applied to large datasets. The Transformer architecture overcomes these limitations through its
groundbreaking self-attention mechanism. Unlike RNNs, Transformers enable parallel processing of
data, which allows them to analyze all elements in a sequence simultaneously, dramatically improving
both speed and computational efficiency. Self-attention empowers Transformers to weigh the relevance
of each element in relation to others, regardless of their position within the sequence, facilitating a
comprehensive understanding of context. This enables the model to capture long-range dependencies
without the constraints of sequential processing. By dynamically adjusting the importance of different
elements, Transformers excel at tasks that require both a deep understanding of context and the
ability to model intricate relationships across a sequence. The combination of self-attention, parallel
processing, and the ability to handle arbitrarily long dependencies has positioned Transformers as the
leading architecture for tasks in natural language processing, computer vision, speech recognition, and
time-series forecasting [6].

This paper introduces a comprehensive approach to probabilistic time series forecasting in retail
using Transformer-based deep learning models. The study highlights the integration of explanatory
variables such as promotions, pricing, and socio-economic indicators, demonstrating their impact on
improving forecast accuracy. The models presented in this research outperform traditional statisti-
cal approaches by capturing complex temporal dependencies and hierarchical relationships across
multiple aggregation levels.

The key contributions of this paper include:

• Development of Transformer-Based Forecasting Models: The study explores various Transformer-
based architectures tailored for retail demand forecasting, including Vanilla Transformer, Informer,
Autoformer, ETSformer, NSTransformer, and Reformer. These models are evaluated on their
ability to capture long-term dependencies, seasonality, and external factors affecting sales patterns.

• Incorporation of Explanatory Variables: The research emphasizes the importance of integrating
explanatory variables such as calendar events, promotional activities, pricing, and socio-economic
factors in improving forecast accuracy. The models effectively leverage these covariates to address
the complexities of retail data.

• Probabilistic Forecasting: The models provide probabilistic forecasts, capturing the uncertainty
associated with demand predictions. This feature is crucial for risk management and decision-
making processes in retail operations, ensuring a more resilient inventory management strategy.

• Empirical Evaluation Using Real-World Data: The paper includes a thorough empirical evaluation
using the M5 dataset, a comprehensive retail dataset provided by Walmart. The results demon-
strate the robustness and effectiveness of the proposed models in improving forecast accuracy
across various retail scenarios.

The remainder of this paper is structured as follows. Section 2 provides a comprehensive review
of recent advancements in retail time series forecasting, highlighting the evolution of deep learning
models and the integration of explanatory variables. Section 3 describes the Transformer architectures
used in this study and their application to probabilistic time series forecasting. Section 4 presents
the dataset used, the experimental setup, and the results of the model evaluations, emphasizing the
performance improvements achieved by the proposed approaches. Section 5 summarizes the key
findings of the research, discusses the implications for retail operations, and suggests directions for
future work.

This study aims to bridge the gap between advanced machine learning techniques and practi-
cal applications in the retail sector by demonstrating the potential of Transformer-based models to
revolutionize demand forecasting. Through the integration of explanatory variables and probabilistic
forecasting, the proposed models offer a comprehensive solution to the challenges of retail demand
prediction, ultimately enhancing decision-making processes and operational efficiency.
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2. Related Work
Recent advancements in retail time series forecasting have been driven by the growing capabilities

of deep learning models, the strategic integration of explanatory variables, and the increasing emphasis
on probabilistic methods to better capture uncertainties and dependencies, providing a comprehensive
and nuanced approach to predicting consumer demand and optimizing inventory management [15].

2.1. Retail Time Series Forecasting with Deep Learning

The state-of-the-art in deep learning for time series forecasting in retail involves a range of in-
novative models and hybrid techniques to address the complexities of retail sales data [16]. Recent
research has introduced diverse deep learning architectures designed to enhance the accuracy of sales
forecasting in different retail contexts. Bandara et al. [17] present a demand forecasting framework
for e-commerce using LSTM networks. By leveraging cross-series information from related prod-
ucts in a product hierarchy, the model provides accurate forecasts while addressing the challenges
of non-stationary, sparse, and highly intermittent sales data. The proposed LSTM-based method
significantly outperforms state-of-the-art univariate techniques, demonstrating its effectiveness for
large-scale retail forecasting. Joseph et al. [18] proposed a hybrid deep learning framework combining
Convolutional Neural Networks (CNN) with Bi-directional Long Short-Term Memory (BiLSTM) for
store item demand forecasting. By utilizing CNN for feature extraction and BiLSTM for modeling
temporal dependencies, the framework aims to enhance accuracy in predicting retail demand. Their
approach, which employs Lazy Adam optimization, significantly outperforms traditional machine
learning models, achieving lower forecasting errors and improving inventory decisions in the retail
context. Giri and Chen [19] presented a deep learning framework for demand forecasting in the fashion
and apparel retail industry. The proposed model combines image features of clothing items with
sales data to predict weekly demand for new fashion products. The approach uses machine learning
clustering to categorize products based on sales profiles and image similarity, resulting in accurate
predictions even for newly launched items without extensive historical data. The study demonstrates
the potential of integrating visual attributes and sales data to enhance forecast accuracy in fashion
retail. Mogarala Guruvaya et al. [20] proposed a Bi-GRU-APSO model, which combines Bi-Directional
Gated Recurrent Units (Bi-GRU) with Adaptive Particle Swarm Optimization (APSO) for retail sales
forecasting. This hybrid approach uses feature selection techniques, including APSO, Recursive Fea-
ture Elimination (RFE), and Minimum Redundancy Maximum Relevance (MRMR), to enhance the
accuracy and computational efficiency of forecasts. The model demonstrated superior performance on
benchmark datasets, achieving higher accuracy metrics compared to conventional models, making it
suitable for multi-channel retail sales forecasting. de Castro Moraes et al. [21] present a comparative
analysis of deep learning models for optimizing single-period inventory decisions, focusing on the
Newsvendor Problem. The study evaluates different deep learning architectures, including MLP, CNN,
RNN, and LSTM, to determine their impact on inventory optimization by providing accurate demand
forecasts. The results indicate that recurrent models, especially RNNs and LSTMs, outperform others
in minimizing inventory mismatch costs. The research also shows that data-driven approaches that
leverage empirical error distributions significantly outperform traditional model-based inventory
methods. de Castro Moraes et al. [22] proposed hybrid deep learning models combining Convolutional
Neural Networks with Long Short-Term Memory for retail sales forecasting. The study introduced
stacked (S-CNN-LSTM) and parallel (P-CNN-LSTM) hybrid architectures to capture both temporal
dependencies and external features in retail data. The models were evaluated using real-world retail
datasets, outperforming simpler neural network architectures and standard autoregressive methods,
while reducing computational complexity and improving both short-term and long-term forecasting
accuracy. Additionally, Wu et al. [23] proposed a two-stage deep learning model called OCCPH-MHA
for enhancing sales forecasting in multi-channel retail. The first stage uses a heterogeneous graph
neural network to identify consumer group preferences based on purchase history, while the second
stage integrates these preferences with time-series demand data using multi-head attention mecha-
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nisms. The model significantly improves sales forecast accuracy for multi-channel retail environments
by leveraging consumer behavior insights and product preferences, showcasing its robustness in
predicting demand across both online and offline channels. Finally, Sousa et al. [24] developed a
two-stage model for predicting demand for new products in fashion retail using censored data. The
first stage involved transforming historical sales data into demand using multiple heuristics and an
Expectation-Maximization (EM) algorithm to estimate demand during stock-out events. The second
stage used machine learning models—Random Forest, Deep Neural Networks, and Support Vector
Regression—to predict demand for new products based on features of similar past items. The EM
algorithm and Random Forest provided the most accurate predictions, demonstrating the model’s
effectiveness in improving production management decisions for new product launches.

2.2. Explanatory Variables in Retail Demand Forecasting

The use of explanatory variables in retail time series forecasting has gained significant traction as
researchers recognize the importance of incorporating external and contextual data to improve the
accuracy of sales predictions. Various studies have highlighted how the integration of different external
variables can enhance the performance of deep learning models in predicting retail sales. Huang et al.
[25] explored the impact of competitive information, such as competitor prices and promotions, on
forecasting sales of fast-moving consumer goods (FMCG) at the UPC level. The authors proposed a
two-stage approach involving variable selection and factor analysis to effectively refine competitive
explanatory variables, integrating them into an Autoregressive Distributed Lag (ADL) model. The
study demonstrated that incorporating competitive information significantly improved forecasting
accuracy compared to traditional methods, highlighting the importance of competitive dynamics in
retail sales predictions. Loureiro et al. [26] explored the application of deep neural networks (DNN)
for sales forecasting in the fashion retail industry. The study incorporated a wide set of explanatory
variables, including physical product characteristics and domain expert opinions, to predict sales of
new fashion products. The results showed that while the DNN performed well, its improvements
over simpler methods, like Random Forest, were not always significant. The findings emphasize
the importance of using both advanced modeling techniques and domain expertise to enhance sales
predictions in fashion retail. Punia et al. [27] proposed a hybrid forecasting method combining
Long Short-Term Memory networks and Random Forests (RF) for demand forecasting in multi-
channel retail. The model leverages LSTM for temporal relationships and RF for handling explanatory
variables, improving accuracy across both online and offline sales channels. Empirical evaluations
show that the hybrid method outperforms other benchmark methods, demonstrating robustness in
managing complex demand patterns across multiple channels in retail. Lim et al. [28] introduced
the Temporal Fusion Transformer (TFT), an attention-based architecture for multi-horizon time series
forecasting. TFT combines recurrent layers for local processing with self-attention layers to model
long-term dependencies, enabling both high performance and interpretability. The model’s specialized
components, such as gating mechanisms and variable selection networks, facilitate feature selection
and enhance the relevance of temporal information. TFT demonstrated significant improvements
in forecasting accuracy over benchmark models, making it suitable for retail and other applications
that require reliable and interpretable multi-step predictions. Wang [29] proposed a novel framework
that incorporates economic indicators and dynamic interactions to improve sales forecasting for
different retail sectors, such as hypermarkets, supermarkets, and convenience stores. By identifying
influential economic predictors like consumer price index (CPI), retail employment population (REP),
and real wage, and by considering the competitive interactions between retail channels, the model
enhances forecasting accuracy and provides managerial insights into sector-specific trends. The study
demonstrates the potential of integrating macroeconomic indicators and inter-sector dynamics for
optimized retail inventory and sales management. Kao and Chueh [30] presented a deep learning-based
model for purchase forecasting aimed at reducing waste in food products with short shelf lives. The
model uses Artificial Neural Networks (ANNs) to predict purchase quantities by incorporating factors
such as store environment, weather, and consumer behavior. The proposed approach, tested on a
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cream puff product, effectively reduced forecasting errors with a mean-square percentage error (MSPE)
of less than 6%. The study demonstrates the potential of integrating ANN-based forecasting into
merchandising to enhance inventory efficiency and sustainability in retail operations. Ramos et al.
[31] examined the use of shrinkage and dimensionality reduction techniques, specifically Ridge
regression and Principal Component Analysis (PCA), for forecasting seasonal sales in retail. Their
study focused on integrating multiple demand drivers, such as promotions and pricing, into statistical
models like ARIMA and ETS. Empirical results using supermarket sales data showed that PCA-based
models performed better during promotional periods, while shrinkage estimators outperformed
alternatives during non-promotional periods, resulting in approximately 10% accuracy improvement
over benchmark models. Punia and Shankar [32] proposed a deep learning-based decision support
system for demand forecasting in retail, integrating sequence modeling with machine learning methods.
The model effectively captures both temporal and covariate-based variations in demand data using
structured and unstructured data sources, including promotions, weather, and economic indicators.
The results demonstrated that the proposed ensemble model outperformed traditional statistical
benchmarks, enhancing forecast accuracy and enabling more informed inventory and promotion
planning for retailers. Nasseri et al. [33] conducted a comparative study on the application of tree-
based ensemble models, specifically Extra Tree Regressors (ETRs), and Long Short-Term Memory
networks for retail demand prediction. Utilizing a dataset of over 5.2 million records, including external
factors like weather and COVID-19 data, the study found that ETR outperformed LSTM across multiple
evaluation metrics, particularly in perishable product categories. This demonstrates the robustness of
tree-based ensemble methods for capturing complex patterns in retail demand forecasting. Ramos
and Oliveira [7] investigated the impact of incorporating static and dynamic covariates into deep
learning models for sales forecasting. Using the DeepAR model, the study tested various combinations
of time-, event-, price-, and ID-related features using the M5 competition dataset. Results indicated
that incorporating time, event, and ID features significantly improved forecast accuracy, while price
features offered minimal benefits. The optimal model achieved a 1.8% RMSSE (Root Mean Scaled
Squared Error) and 6.5% MASE (Mean Absolute Scaled Error) improvement, emphasizing the value of
feature integration for enhancing prediction reliability in retail forecasting. Wellens et al. [34] presented
a simplified decision-tree framework for retail sales forecasting that effectively integrates explanatory
variables. The study demonstrates that a streamlined implementation of tree-based machine learning
methods, using variables such as promotions and national events, significantly outperforms traditional
statistical models while maintaining computational efficiency. The framework’s success is largely
attributed to the inclusion of feature engineering and explanatory variables, which improve forecast
accuracy and reduce inventory costs, thereby making it more accessible for practical adoption by
traditional retailers. Praveena and Prasanna Devi [35] proposed a hybrid deep learning model called
Deep Prophet Memory Neural Network (DPMNN) for seasonal item demand forecasting in retail.
By integrating temporal, historical, trend, and seasonal data, DPMNN outperformed state-of-the-art
models such as LSTM and Prophet in reducing forecasting errors like RMSE and MAPE. The study
demonstrates the efficacy of combining feature selection techniques with deep learning to optimize
retail inventory management, effectively reducing overstock and stockouts.

2.3. Probabilistic Forecasting of Time Series Using Deep Learning

Probabilistic time series forecasting has gained prominence as an effective method for capturing
uncertainty in predictions, providing valuable insights for decision-making across domains such as
retail, finance, and supply chain management. Wen et al. [36] introduced the Multi-Horizon Quantile
Recurrent Forecaster (MQ-RNN), a probabilistic forecasting framework that combines recurrent and
convolutional neural networks with quantile regression for multi-step time series prediction. The
model leverages both temporal and static covariates, effectively handling challenges like shifting sea-
sonality, cold starts, and planned event spikes. By adopting a direct multi-horizon strategy, MQ-RNN
mitigates error accumulation commonly found in recursive forecasting methods, providing stable
and efficient performance, as demonstrated in applications for retail demand and energy forecasting.
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DeepAR, proposed by Salinas et al. [37], is another deep learning model that uses an autoregressive
recurrent neural network to learn from related time series for probabilistic forecasting. By training on a
large number of similar time series, DeepAR produces more accurate forecasts compared to traditional
methods while effectively capturing the distribution of future values. This model uses an autore-
gressive framework that can integrate diverse data, providing flexibility for large-scale applications
like retail demand prediction where individual time series are related through shared features such
as product categories. Rasul et al. [38] introduced TimeGrad, an autoregressive denoising diffusion
model for multivariate probabilistic time series forecasting. The model employs diffusion probabilistic
methods, leveraging gradient estimation to generate accurate probabilistic forecasts for complex time
series data with thousands of correlated dimensions. TimeGrad utilizes Langevin sampling to convert
noise into samples of the distribution of interest. Experimental results demonstrated that TimeGrad
sets a new state-of-the-art performance in multivariate probabilistic forecasting, outperforming existing
methods across a range of real-world datasets. Rasul et al. [39] proposed a model for multivariate
probabilistic time series forecasting using conditioned normalizing flows. The approach combines
autoregressive deep learning techniques with normalizing flows to capture complex dependencies
across time series, enabling accurate probabilistic predictions. The model achieves scalability while
retaining high-dimensional dependency representation, making it suitable for scenarios involving thou-
sands of interacting time series. Empirical evaluations on various real-world datasets demonstrated
that this method outperformed existing baseline models in terms of accuracy and computational
efficiency. Hasson et al. [40] introduced the Level Set Forecaster (LSF), a novel algorithm designed to
transform any point estimator into a probabilistic forecaster. By leveraging the grouping of similar
predictions into partitions, LSF creates consistent probabilistic forecasts, particularly when used with
tree-based models like XGBoost. Empirical evaluations demonstrated that LSF rivals state-of-the-art
deep learning models in forecasting accuracy, providing a significant advancement in turning point
predictions into probabilistic forecasts effectively. Rangapuram et al. [41] proposed an end-to-end
approach for generating coherent probabilistic forecasts for hierarchical time series. Unlike traditional
two-step methods that require separate reconciliation processes, this model incorporates reconciliation
as part of a single trainable framework, ensuring coherent predictions across all levels of a hierarchy.
By leveraging the reparameterization trick and a differentiable convex optimization layer, the model
is capable of simultaneously learning from all time series in a hierarchy while maintaining coher-
ence without post-processing. Empirical results demonstrated significant improvements in forecast
accuracy, making this approach highly effective for large-scale applications like retail and energy
demand forecasting. Kan et al. [42] proposed the Multivariate Quantile Function Forecaster (MQF2),
a probabilistic forecasting method designed to improve multi-horizon predictions by using a mul-
tivariate quantile function. MQF2 combines elements of autoregressive and sequence-to-sequence
models to capture the dependency structure across time, thereby avoiding error accumulation and
quantile crossing. The model is particularly effective in inventory management scenarios, enhancing
forecasting accuracy for supply chain decisions by integrating dependencies like product cannibal-
ization and substitutability. Shchur et al. [43] introduced AutoGluon–TimeSeries, an open-source
AutoML library designed for probabilistic time series forecasting. The framework enables users to
generate accurate point and quantile forecasts with minimal coding effort by leveraging ensembles
of diverse forecasting models. AutoGluon–TimeSeries demonstrated strong empirical performance
on 29 benchmark datasets, outperforming existing methods in terms of both point and probabilistic
forecast accuracy, making it a robust solution for practitioners with varying levels of expertise. Tong
et al. [44] introduced a hierarchical Transformer model with probabilistic decomposition, called Proba-
bilistic Decomposition Transformer (PDTrans), designed to mitigate the cumulative errors common
in autoregressive forecasting. By combining a Transformer for primary autoregressive forecasting
with a conditional generative model, PDTrans enables hierarchical, probabilistic, and interpretable
forecasts. The model effectively separates seasonal and trend components, providing accurate forecasts
for complex temporal patterns, as demonstrated across multiple time series datasets. Sprangers et al.
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[45] introduced a bidirectional temporal convolutional network (BiTCN) for probabilistic time series
forecasting, focusing on reducing the parameter count required by traditional Transformer-based
methods. The model uses two temporal convolutional networks to encode future covariates and past
observations, respectively, enabling efficient and accurate forecasting. The study demonstrated that
BiTCN performs on par with state-of-the-art methods while requiring fewer parameters, significantly
reducing both memory usage and training costs, thus making it a more accessible option for large-scale
forecasting tasks. Lastly, Olivares et al. [46] introduced the Deep Poisson Mixture Network (DPMN)
for probabilistic hierarchical forecasting. The model combines neural networks with a mixture of
Poisson distributions to produce coherent forecasts at different aggregation levels without requiring
explicit reconciliation steps. DPMN ensures hierarchical coherence, making it particularly effective
for large-scale forecasting tasks. Empirical evaluations demonstrated significant improvements over
existing methods, achieving an 11.8% better CRPS score on Australian tourism data and an 8.1%
improvement on grocery sales data.

3. Probabilistic Forecasting with Transformer-based Models
The Transformer architecture’s reliance on attention mechanisms, rather than recurrence, allows

for significant parallelization, which reduces training time while maintaining high performance. The
use of self-attention throughout the encoder and decoder stacks enables the model to effectively
capture long-range dependencies in the data, making it especially powerful for tasks that involve
complex sequential relationships. In time series forecasting, sequences of numerical observations are
treated similarly to sequences of words or tokens in language models, as both require understanding
and capturing dependencies across ordered elements. This analogy is reflected in the application of
Transformer-based architectures, as introduced by Vaswani et al. [47], which were originally developed
for natural language processing but have proven highly effective for time series tasks [28], where
learning complex temporal patterns is akin to learning relationships between words in a sentence. In
the following section, we present the Vanilla Transformer [47], Informer [48], Autoformer [49], ETS-
former [50], NSTransformer [51], and Reformer [52] architectures. These models were chosen for their
availability [53], widespread use [54], and demonstrated effectiveness in performance assessment [15],
providing a balanced comparison between well-established approaches and recent advancements
tailored specifically for time series forecasting. These architectures were also employed in the empirical
study conducted for this paper.

3.1. Deep Learning Transformers for Time Series Forecasting

Vaswani et al. [47] introduced the Transformer architecture, which revolutionized the field of deep
learning by relying entirely on attention mechanisms rather than traditional recurrent or convolutional
layers for sequence transduction tasks. The architecture is composed of an encoder-decoder structure,
where both the encoder and decoder are built using multiple identical layers stacked on top of each
other. The encoder comprises ne identical layers, each of which includes a multi-head self-attention
mechanism and a position-wise feed-forward network. Each layer uses residual connections followed
by layer normalization, allowing the model to retain information and stabilize training. The attention
mechanism enables the encoder to capture dependencies between all elements in the input sequence,
regardless of their relative positions. The decoder also consists of nd identical layers, but with an
additional sub-layer compared to the encoder. In each decoder layer, multi-head self-attention is
combined with encoder-decoder attention, allowing the decoder to attend to the output of the encoder
stack. Additionally, a masking mechanism is applied to prevent positions from attending to subsequent
positions, ensuring that the model maintains its autoregressive properties. Attention mechanisms are
the core of the Transformer architecture, enabling it to effectively weigh the relevance of different parts
of the input sequence.

The computation of attention relies on three main components: queries (Q), keys (K), and values
(V). To derive these components, the input matrix Y ∈ RL×D is multiplied by learnable weight matrices
for queries, keys, and values, yielding Q ∈ RL×Dk , K ∈ RL×Dk , and V ∈ RL×Dv :
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Q = YWQ, K = YWK, V = YWV . (1)

Using these matrices, the attention mechanism computes query-key interactions by multiplying
Q with the transpose of K, applying a scaling factor, followed by a softmax activation, and finally
multiplying with V. This results in a matrix of size L × D. To address numerical instability and prevent
the vanishing gradient problem during training, the dot product is scaled by dividing by the square
root of the key dimension Dk. The final output of self-attention, where each row corresponds to the
output vector for a given query, is computed as follows:

SelfAttention(Q, K, V) = softmax
(

QKT
√

Dk

)
V. (2)

Multi-Head Attention uses multiple sets of learned projections to perform attention in parallel,
allowing the model to attend to different subspaces of the input information simultaneously. To
handle the sequential nature of data, the model also incorporates positional encodings that provide
information about the relative positions of elements in the sequence. This is crucial as the architecture
lacks any recurrence or convolution, making it necessary to add position information explicitly to
allow the model to understand the order of the sequence. Figure 1 provides a detailed depiction of this
architecture along with the others discussed in this section, highlighting the specific components and
attention mechanisms that characterize each Transformer variant.

In their work, Zhou et al. [48] introduce a new Transformer-based architecture designed specif-
ically for the challenges of long sequence time-series forecasting (LSTF). The architecture, named
Informer, focuses on improving computational efficiency and scalability for long input sequences,
addressing the limitations of traditional Transformer models like high computational complexity and
memory usage. The Informer architecture follows an encoder-decoder framework but with several
key innovations. The encoder uses the ProbSparse self-attention mechanism, which replaces the
canonical dot-product self-attention with a probabilistic sampling approach. This allows Informer to
achieve a time complexity and memory usage of O(L log(L)), significantly reducing the quadratic
complexity typically seen in standard Transformer architectures, making it suitable for long sequence
data. Additionally, self-attention distilling is applied within the encoder to highlight dominant at-
tention scores and reduce redundant input combinations. This operation significantly compresses
the attention map, reducing the space complexity while still preserving important information. The
encoder outputs a refined representation that maintains robust long-range dependencies. The de-
coder employs a generative style that predicts the entire output sequence in a single forward pass
rather than the traditional step-by-step dynamic decoding. This drastically improves the inference
speed, particularly for long sequences, and prevents the accumulation of errors that is common in
autoregressive decoding. The combination of ProbSparse attention, self-attention distilling, and the
generative decoder makes Informer an efficient and scalable solution for long-term forecasting. The
Informer model has demonstrated superior performance in capturing long-range dependencies while
being computationally feasible for very large datasets, making it highly suitable for empirical studies
involving long sequence time-series forecasting in various domains, such as finance and energy.
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Figure 1. Attention mechanisms of Transformer architectures used in this study: (a) Vanilla Transformer; (b)
Informer; (c) Autoformer; (d) ETSformer; (e) NSTransformer; and (f) Reformer.

Wu et al. [49] propose a novel architecture specifically designed to improve long-term time
series forecasting, called Autoformer. This model innovates by moving beyond the limitations of
the canonical Transformer, particularly addressing the inefficiencies associated with traditional self-
attention mechanisms in long-term forecasting contexts. The Autoformer architecture follows an
encoder-decoder framework but diverges from the typical self-attention approach by incorporating
series decomposition blocks and an Auto-Correlation mechanism. The encoder is designed to eliminate
the trend-cyclical components using series decomposition blocks, which allows it to focus on modeling
seasonal patterns effectively. Each encoder layer includes a series decomposition operation, which
progressively separates the seasonal and trend components, making the hidden representations more
suitable for accurate long-term forecasting. In the decoder, Autoformer includes an accumulation
mechanism for trend components and stacked Auto-Correlation blocks for refining seasonal com-
ponents. The unique Auto-Correlation mechanism replaces self-attention to discover dependencies
based on series periodicity and to aggregate similar sub-series, thus enhancing both computational
efficiency and the utilization of information from the entire sequence. This mechanism reduces the
computational complexity from the quadratic order (as seen in Vanilla Transformers) to O(L log(L)),
making it feasible for long-term sequences. The combination of progressive decomposition and Auto-
Correlation mechanisms allows Autoformer to handle intricate temporal patterns more effectively
while maintaining computational efficiency. Empirical evaluations have shown that Autoformer
achieves state-of-the-art results across multiple benchmarks in applications such as energy, traffic,
economics, weather, and disease forecasting.

Woo et al. [50] present a novel transformer architecture tailored for time-series forecasting by
combining traditional exponential smoothing concepts with the Transformer framework. The model,
named ETSformer, is specifically designed to enhance long-term time series prediction while maintain-
ing interpretability and computational efficiency. The ETSformer architecture builds on an encoder-
decoder design that incorporates Exponential Smoothing Attention (ESA) and Frequency Attention
(FA) mechanisms to address the limitations of the Vanilla self-attention used in standard transform-
ers. The architecture consists of modular decomposition blocks that extract time-series components
like level, growth, and seasonality at each layer, effectively breaking down complex time series into
interpretable sub-components. The encoder is responsible for decomposing the time series data into
latent seasonal and growth representations, while the decoder combines these components to produce
the final forecast. Exponential Smoothing Attention replaces the traditional dot-product attention
mechanism with an attention function that emphasizes recent observations, similar to the exponential
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smoothing method commonly used in traditional forecasting models. This approach enhances the
model’s ability to predict trends over time. Frequency Attention, on the other hand, uses Fourier trans-
formation to identify and extract dominating seasonal patterns, which allows the model to effectively
capture recurring behaviors. The combination of Exponential Smoothing and Frequency Attention
ensures that the model not only achieves a state-of-the-art performance in terms of forecasting accuracy
but also maintains interpretability by explicitly modeling level, growth, and seasonal components.
The ETSformer was empirically evaluated on multiple benchmark datasets and showed significant
improvements over existing Transformer-based approaches for time series forecasting.

NSTransformer, introduced by Liu et al. [51] was designed to overcome the limitations of tra-
ditional Transformers in handling non-stationary time series data. This model combines two core
components: Series Stationarization and De-stationary Attention, which together enable effective
modeling of non-stationary real-world data. The NSTransformer architecture follows a standard Trans-
former encoder-decoder structure but introduces innovations specifically for handling non-stationary
data. The Series Stationarization module applies a normalization technique that unifies key statistics
(mean and variance) of each input time series, thereby stabilizing the input distribution for better
generalization. This module acts as a preprocessing step that makes non-stationary inputs more
tractable for the Transformer. However, to address the problem of over-stationarization (where sta-
tionarization causes loss of valuable temporal characteristics of the original data), NSTransformer
also includes a De-stationary Attention mechanism. This attention mechanism restores the original
non-stationary properties that were lost during stationarization. By using a learned de-stationary factor,
this mechanism approximates the attention that would have been obtained from raw non-stationary
data, ensuring that the model retains the distinct temporal dependencies necessary for accurate fore-
casting. The NSTransformer also incorporates a two-stage transformation process: normalization
before feeding data to the model and de-normalization after generating outputs, which transforms
predictions back to the original scale. These features make the NSTransformer suitable for effectively
leveraging non-stationary information while maintaining the computational efficiency and long-term
dependency capabilities of standard Transformer-based models.

Kitaev et al. [52] introduce the Reformer, an efficient Transformer architecture specifically de-
signed to handle long sequences with reduced computational and memory requirements. The Reformer
makes significant architectural changes to the original Transformer by incorporating Locality-Sensitive
Hashing (LSH) Attention and Reversible Residual Layers. The LSH Attention mechanism is a key
innovation of the Reformer. Traditional Transformers use scaled dot-product attention, which has
a computational complexity of O

(
L2), where L is the sequence length, making it infeasible for long

input sequences. Reformer replaces this with Locality-Sensitive Hashing to approximate attention,
reducing the complexity to O(L log(L)). In this approach, the keys and queries are hashed into buckets
such that only similar elements are grouped together for attention calculations. This significantly
reduces the number of dot products computed while still capturing the most important relationships
between elements, making it possible to efficiently handle long sequences. The second major modi-
fication is the use of Reversible Residual Layers. In standard Transformer architectures, each layer
requires storing intermediate activations for backpropagation, which scales linearly with the number
of layers, creating a large memory burden. Reformer addresses this by employing reversible residual
connections, inspired by RevNets, which allow activations from previous layers to be reconstructed
during backpropagation, rather than stored. This approach effectively eliminates the need for storing
layer-wise activations, significantly reducing memory usage during training. Additionally, chunking
is applied to feed-forward layers to further manage memory usage. The feed-forward layers, typically
responsible for large intermediate activations, are processed in smaller chunks, reducing the peak
memory requirement without affecting the model’s performance. This enables Reformer to efficiently
handle feed-forward computations for long sequences. The combination of LSH Attention, Reversible
Residual Layers, and chunked feed-forward processing allows the Reformer to maintain the expressive
power of the original Transformer architecture while being significantly more efficient in both memory
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and computation. The Reformer is particularly suitable for tasks involving long sequences, such as
language modeling and time-series forecasting, where traditional Transformers face scalability issues.

3.2. Probabilistic Forecasting of Time Series Data

Let D = {yi
1:Ti}N

i=1 represent a dataset consisting of N univariate time series, where each

uniformly-spaced time series yi
1:Ti =

(
yi

1, . . . , yi
Ti

)
contains Ti observations, and yi

t denotes the value

of the i-th time series at time t [43]. For example, yi
t might indicate the number of units sold of product

i on day t. To simplify the notation, we will assume that all time series have the same length T, even
though the models can handle time series of varying lengths. The goal of time series forecasting is to
predict the next H values for each time series in D, where H is referred to as the prediction length or
forecast horizon. Additionally, each time series yi

1:T may have associated covariates X i
1:T+H , which

can include both static and time-varying features. Static covariates are attributes that remain constant
across time, such as store location or product ID. Time-varying covariates change over time and could
include factors like the day of the month or planned promotions.

The problem of probabilistic time series forecasting can be formally described as modeling the
joint conditional distribution of the future time series values yi

T+1:T+H , given its historical observations
yi

1:T , and any associated covariates, X i
1:T+H . This is represented as [36]:

pϕ

(
yi

T+1:T+H | yi
1:T , X i

1:T+H

)
, (3)

where ϕ denotes the parameters of the parametric distribution being modeled. Thus, the objective
of probabilistic time series forecasting is not just to provide a single point prediction but to estimate
the full conditional distribution, capturing the inherent uncertainty in the future values [55]. This
allows for more robust decision-making in applications where the range of possible outcomes and
their probabilities are as critical as the predictions themselves.

In practice, instead of using the entire history of each time series i, which can vary significantly,
we can focus on extracting fixed context windows of size C ≥ 1 [56]. This approach involves sampling
subsequences from the full time series, allowing us to estimate the conditional distribution of the
next H future values based on the selected context window and the corresponding covariates. This
conditional distribution can be expressed as:

pϕ

(
yi

C+1:C+H | yi
1:C, X i

1:C+H

)
. (4)

It is worth noting that the initial time step of the context window does not necessarily align
with the beginning of the time series. When a neural network with weights θ is used to model this
distribution, predictions are conditioned on these learned parameters. To estimate the conditional
distribution described above, inspired by Rasul et al. [38,39], an autoregressive approach can be
applied, leveraging the chain rule of probability as follows:

pϕ

(
yi

C+1:C+H | yi
1:C, X i

1:C+H ; θ
)
=

C+H

∏
t=C+1

pϕ

(
yi

t | yi
1:t−1, X i

1:t; θ
)

. (5)

The tokenization process employed in this study involves creating lagged features based on past
values of the time series, tailored to align the data’s frequency [56]. Based on the recommendations
of Alexandrov et al. [57], we selected appropriate lag values for various frequencies, including quarterly,
monthly, weekly, daily, and hourly. For a given frequency, a sorted set of positive lag indices, L =

{1, . . . ,L}, is defined, where L represents the largest lag index in the set. These lag indices are generally
not evenly spaced in time. Lag features are then generated for each context window yi

1:C. This process
involves sampling from an extended window containing L additional historical points, denoted as
yi
−L:C [56]. If a total of K static and dynamic covariates are added to these lagged features, the resulting

token for each time series value will have a size of |L|+ K. Figure 2 illustrates this tokenization process.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 February 2025 doi:10.20944/preprints202502.0009.v1

https://doi.org/10.20944/preprints202502.0009.v1


13 of 28

As shown in Figure 2, the architecture of the probabilistic transformer-based models employed in
this study consists of two main components: an encoder and a decoder. For the encoder, a sequence
of C tokens is generated by tokenizing the data through the concatenation of covariates X i

1:C with
lagged features sampled from the extended window yi

−L:C. Similarly, for the decoder, the sequence
of H tokens is created by concatenating covariates X i

C+1:C+H with lagged features sampled from the
extended window yi

−L+C:C+H . Both encoder and decoder tokens are used during training. These
tokens are then passed through a shared linear projection layer, which maps the features into the
hidden dimension of the attention mechanism. To encode the position of each token in the sequence,
positional encoding, as outlined by Vaswani et al. [47], is applied. This encoding uses a combination
of sine and cosine functions at different frequencies, which are added to the token embeddings. By
incorporating information about both relative and absolute positions, positional encoding allows the
attention mechanism to effectively capture the sequential order of tokens, a critical aspect for time
series modeling.

After processing data through the masked decoder layers, the model predicts the parameters ϕ

for the forecast distribution of the next time step. These parameters are computed by a parametric
distribution head, which serves as the model’s final layer. The distribution head projects the features
learned by the model to the parameters of the selected probability distribution [56]. Various parametric
distributions can be employed; in our experiments, we utilize the Student’s t-distribution, which
outputs three parameters: mean µ, scale σ, and degrees of freedom ν. Training is performed by
minimizing the negative log-likelihood of the forecasted distribution across all predicted time steps.

During inference, for a time series containing at least L observations, a feature vector is tokenized
and passed into the model to estimate the distribution of the subsequent time step. Using greedy
autoregressive decoding, the model can simulate multiple future trajectories up to the defined forecast
horizon H ≥ 1. These simulations enable the computation of uncertainty intervals, which are critical
for decision-making and for assessing the model’s accuracy on unseen data.

This methodology to probabilistic time series forecasting has been applied to the previously
described transformer-based architectures, including the Vanilla Transformer [47], Informer [48],
Autoformer [49], ETSformer [50], NSTransformer [51], and Reformer [52]. The implementation builds
upon the tools and frameworks introduced by Kashif Rasul [53,58].
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Figure 2. Architecture of transformer-based models for probabilistic time series forecasting and their tokenization
process.

4. Empirical Evaluation
4.1. Dataset

The M5 dataset represents a significant advancement in the realm of retail forecasting by lever-
aging a publicly available dataset to facilitate transparent, reproducible, and rigorous evaluation of
forecasting methodologies [59]. Publicly accessible datasets like the M5 are crucial for advancing the
field as they enable researchers and practitioners to benchmark methods, validate results, and push
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the boundaries of innovation. This open access fosters collaboration, promotes replication of results,
and provides a shared foundation for addressing complex forecasting challenges.

The M5 dataset, generously provided by Walmart, consists of 3,049 individual product time series
of daily unit sales data spanning approximately 5.4 years, from January 29, 2011, through June 19,
2016, resulting in a total of 1,969 daily data points. The dataset includes products from three cate-
gories—Hobbies, Foods, and Household—sold across 10 stores located in three U.S. states: California,
Texas, and Wisconsin. This hierarchical structure enables evaluations at multiple aggregation levels,
ranging from total sales across all stores to individual product sales at specific locations, thereby
reflecting the intricate, hierarchical, and multivariate nature of retail forecasting. The dataset’s com-
prehensive design ensures representation of diverse shopping behaviors, regional market dynamics,
and product-specific trends, making it a robust resource for developing, benchmarking, and testing
advanced forecasting models.

In this work, data from three stores—one from each state—were analyzed, resulting in a total of
9,147 distinct time series. This selection was made to accommodate limited computational resources for
training the models while enabling a focused analysis that still represents the diversity and complexity
of the dataset, capturing variations across regions, product categories, and store-level dynamics.

We adopted the framework of the M5 competition, reserving the final 28 days of each time series
(from May 23, 2016, to June 19, 2016) as the testing set for out-of-sample evaluation. The earlier data,
covering up to January 29, 2011, through May 22, 2016, was used to train the models.

4.2. Explanatory Variables

The M5 dataset includes several explanatory variables that enhance its utility for improving the
accuracy of forecasting models in retail settings. These variables supplement the core sales data and
enable the modeling of external factors influencing demand. The key exogenous variables in the M5
dataset are:

• Calendar-Related Information: This includes a wide range of time-related variables such as the
date, weekday, week number, month, and year. Additionally, it includes indicators for special
days and holidays (e.g., Super Bowl, Valentine’s Day, Orthodox Easter), which are categorized
into four classes: Sporting, Cultural, National, and Religious. Special days account for about 8%
of the dataset, with their distribution across the classes being 11% Sporting, 23% Cultural, 32%
National, and 34% Religious.

• Selling Prices: Prices are provided at a weekly level for each store. The weekly average prices
reflect consistent pricing across the seven days of a week. If a price is unavailable for a given
week, it indicates that the product was not sold during that period. Over time, the selling prices
may vary, offering critical information for understanding price elasticity and its impact on sales.

• SNAP Activities: The dataset includes a binary indicator for Supplemental Nutrition Assistance
Program (SNAP) activities. These activities denote whether a store allowed purchases using
SNAP benefits on a particular date. This variable accounts for about 33% of the days in the dataset
and reflects the socio-economic factors affecting consumer purchasing behavior.

These variables are instrumental in enriching the dataset’s predictive power by providing critical
contextual information. Calendar-related variables capture temporal effects such as seasonality and
special events, helping models identify recurring patterns in consumer behavior. Price and promotional
data offer valuable insights into how market conditions influence purchasing decisions, improving
the model’s ability to forecast demand fluctuations. Additionally, socio-economic factors are well-
represented through the inclusion of SNAP activities. The SNAP indicators reflect variations in
demand driven by government assistance programs, which can significantly influence consumer
spending behavior and sales dynamics. This is particularly relevant in economically vulnerable
regions, where such programs play a key role in shaping purchasing patterns. By incorporating these
diverse exogenous variables, the M5 dataset provides a robust foundation for developing sophisticated
forecasting models that can effectively address the complexities of retail sales.
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Table 1 presents a comprehensive summary of the input features (lags and covariates) used in the
time series forecasting models. The table highlights the diversity of features extracted from the dataset
to improve the models’ predictive accuracy.

Table 1. Lags and explanatory variables used in the forecasting models, including time-related features, price
data, SNAP activities, event indicators, and hierarchical identifiers.

Data No. of Feature Type No. of Encodingvariables categories

Sales 30
Lags:{1, 2, 3, 4, 5, 6, 7, 8, 13, 14, 15, 20,

Continuous — —21, 22, 27, 28, 29, 30, 31, 56, 84, 363, 364,
365, 727, 728, 729, 1091, 1092, 1093}

Time 9

Day of week

Categorical

7
Day of month 31
Day of year 366 Encoded as zero-

based
Month of year 12 index and normalized
Week of year 53 to [-0.5, 0.5]
Week of month 6
Year 6

Is weekend 2 Boolean

Age Continuous — log10(2 +
n_sale_days)

Price 3

Item’s daily price normalized by mean/std

Continuous — —
Item’s daily price normalized by

department’s daily mean/std price
Item’s daily price normalized by

store’s daily mean/std price

Snap 3 Supplemental nutrition assistance program days Categorical 3 Booleanin CA, TX, WI

Events 2

Event name:{nan,ChanukahEnd,Christmas,

Categorical 31

CincoDeMayo,ColumbusDay,Easter,EidAl-Fitr,
EidAlAdha,Father’sDay,Halloween,IndependenceDay,
LaborDay,LentStart,LentWeek2,MartinLutherKingDay, Encoded as zero-

based
MemorialDay,Mother’sDay,NBAFinalsEnd,NBAFinalsStart, index and normalized
NewYear,OrthodoxChristmas,OrthodoxEaster,PesachEnd, to [-0.5, 0.5]
PresidentsDay,PurimEnd,RamadanStart,StPatricksDay,
SuperBowl,Thanksgiving,ValentinesDay,VeteransDay}

2 Event type:{nan,Cultural,National,Religious,Sporting} Categorical 5

ID 60

item_id

Categorical

3049 Encoded as zero-
based

dept_id 7 index and embedded
cat_id 3 using a learnable
store_id 3 embedding layer with
state_id 3 an embedding

dimension of
min(50,(n_categ+1)//2)

The Sales feature includes 30 specific lag values representing historical sales observations used
as inputs for forecasting. These lag values cover different time intervals to capture both short-term
and long-term patterns, including daily, weekly, and annual cycles, ensuring the models have a broad
temporal context. Several time-related features are included as categorical variables, such as Day of
week, Day of month, Day of year, Month of year, Week of year, Week of month, and Year. These
categorical time features, encoded as zero-based index and normalized to a range of [-0.5, 0.5], help
the models account for seasonality and calendar effects. The Is weekend feature is a binary indicator
used to identify weekends, which can impact sales patterns due to changes in consumer behavior.
Another continuous feature included is Age, which represents the age of the product in the dataset.
This is calculated as a logarithmic transformation of the number of sale days and helps capture the
effect of product lifecycle on sales. The table also includes three price-related features, representing
the daily price of items normalized by different factors: the mean and standard deviation of item
prices, department prices, and store prices. These features capture the impact of price changes on sales.
SNAP activities are included as a categorical feature indicating whether purchases were allowed using
the Supplemental Nutrition Assistance Program (SNAP) benefits in the states of California, Texas,
and Wisconsin. This variable captures socio-economic factors that influence consumer demand. The
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Events feature accounts for 31 distinct special days, such as holidays and other significant events,
categorized into four classes: Sporting, Cultural, National, and Religious. Including these variables
helps the models account for spikes or drops in sales associated with specific events. Additionally, ID
features are included to capture hierarchical information from the dataset. These IDs include item IDs,
department IDs, category IDs, store IDs, and state IDs, each encoded as categorical variables. The IDs
are embedded using a learnable embedding layer to help the model understand relationships across
different levels of the hierarchy, such as items within a department or stores within a state.

4.3. Hyperparameter Tuning

Selecting a model that performs consistently well in out-of-sample predictions is a crucial step in
the modeling process. To achieve this, it is common practice to use a validation set for distinguishing
between competing models. Considering that deep learning models can be sensitive to hyperparameter
settings and initialization, an effective strategy for model selection becomes essential. In this study, the
final 28 days of the training period, from April 25 to May 22, 2016, were designated as a validation set
to objectively compare and rank different model configurations.

To explore the hyperparameter space systematically and identify optimal settings, this study em-
ployed the Optuna framework [60], an advanced tool for hyperparameter optimization. Optuna is an
open-source Python library designed to streamline the process of hyperparameter tuning, particularly
for machine learning models, including those based on Transformers. The framework offers dynamic
search space construction through its define-by-run API and supports efficient search strategies like
Tree-structured Parzen Estimator (TPE), Random Search, and Grid Search. Additionally, Optuna
includes pruning techniques to optimize computational resources and integrates seamlessly with
popular machine learning frameworks such as PyTorch. The optimization process in Optuna involves
defining an objective function, conducting a study, running the optimization trials, and analyzing the
resulting configurations. This approach simplifies the time-consuming task of tuning hyperparameters,
allowing researchers to focus more on refining their models and interpreting results. By employing this
robust optimization tool, the study ensured that the selected hyperparameter configurations enhanced
the performance and reliability of the forecasting models.

Table 2 outlines the hyperparameter search spaces explored in this study using the Optuna
hyperparameter optimization (HPO) framework. Optuna was employed to randomly sample values
from these predefined spaces, generating a variety of model configurations. The configuration that
achieved the highest validation score, based on the Mean Weighted Quantile Loss (MWQL), was
selected as the optimal model. MWQL, a metric specifically designed for evaluating probabilistic
forecasts, which approximates (a weighted average of) the continuous ranked probability score
(CRPS) [61], provides a comprehensive assessment of accuracy across multiple quantile levels, making
it an effective criterion for ranking model performance, as defined in Equation (8). The table details
the ranges of key hyperparameters, including context length, batch size, and the number of encoder
and decoder layers used across the evaluated Transformer-based models. The context length, ranging
from 28 days to multiples of 28-day periods, defines the historical time window used in training, with
different lengths aiming to capture a range of temporal patterns from short-term fluctuations to more
extended seasonal trends. The batch size parameter varies between 32 and 256, impacting the number
of data samples processed in one iteration, thus affecting training stability and efficiency. Furthermore,
the number of encoder and decoder layers represents the model’s depth. Deeper models, such as those
with up to 16 encoder layers, are capable of learning more complex patterns, but they also require
greater computational resources. The exploration of these hyperparameter spaces allowed the study to
fine-tune each model, ensuring robust performance across different sales data patterns.
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Table 2. Model’s hyperparameter search spaces used in HPO.

Hyperparameter
Range

Transformer, Autoformer, Informer ETSformerNSTransformer, Reformer

Context length {28, 28 × 2, 28 × 3}

Batch size {32, 64, 128, 256}

Number of encoder layers {2, 4, 8, 16} —

Number of decoder layers {2, 4, 8, 16} —

Table 3 summarizes the settings used in the hyperparameter tuning process with the Optuna
framework to determine the optimal configurations for each model. It presents key parameters, includ-
ing the number of trials, epochs, batches per epoch, samples processed in each optimization trial, and
validation function. The number of trials refers to the total number of model configurations evaluated
during the optimization process. Each trial represents a unique combination of hyperparameter values
sampled from the predefined search spaces. In this study, 10 trials were conducted for each model to
explore diverse configurations. The number of epochs indicates how many times the entire training
dataset was passed through the model during each trial, ensuring sufficient iterations for parameter
adjustment. The number of batches per epoch specifies how many batches of data were processed in
each epoch. The hyperparameter tuning process involved sampling 20 values per trial, which were
subsequently used to calculate the Mean Weighted Quantile Loss (MWQL) metric as described in
Section 4.4. These samples were drawn to ensure robust point and probabilistic predictions across
different forecast horizons.

Table 3. Hyperparameter settings applied during the tuning process with the Optuna framework.

Parameter Value

Number of trials 10

Number of epochs 10

Number of batches per epoch 50

Number of samples 20

Validation function Mean Weighted Quantile Loss (MWQL)

Table 4 presents the parameter-specific configurations applied to each of the Transformer-based
models considered in this study. This table highlights variations across critical settings, including
prediction length, distribution output, loss function, and dimensionality of key components such as
layers and attention mechanisms. The prediction length is consistently set to 28 days across all models,
ensuring a standardized forecast horizon. The distribution output employed is Student’s t-distribution,
which accounts for the potential variability in sales data. The loss function used in all models is
the Negative Log-Likelihood, a suitable choice for probabilistic forecasting, focusing on minimizing
prediction uncertainty. The learning rate for all Transformer-based models was set to 10−3, ensuring a
stable and efficient convergence during the training process. This rate was chosen to balance the need
for sufficient parameter updates while avoiding overshooting the optimal solution. The scaling of
the input target varies among models. For instance, while most models use a standardized approach
with mean and standard deviation normalization, some models, such as NSTransformer, do not
apply scaling. This difference in scaling techniques reflects the distinct architecture and assumptions
underlying each model. The lags sequence parameter, which provides historical context for the models,
is consistent across the models with a predefined set of lag values to capture short-term and seasonal
trends. In terms of the dimensionality of Transformer layers, the parameter settings vary, with models
like ETSformer and Informer employing larger layer sizes (up to 64) to capture more complex patterns
in the time series data. The number of attention heads and the feedforward hidden size vary depending
on the model architecture. For example, Informer utilizes specialized attention mechanisms, such as
ProbAttention, to enhance computational efficiency, whereas other models rely on standard multi-head
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attention. Specific models, such as Autoformer and Informer, include unique settings like moving
average windows and autocorrelation factors to enhance performance in handling seasonality and
periodic patterns. These specialized configurations reflect the targeted design of each model to address
distinct challenges in time series forecasting.

Table 4. Parameter-specific configurations applied to each of the Transformer-based models.

Parameter Transformer Autoformer ETSformer Informer NSTransformer Reformer

Prediction length of de-
coder

28

Distribution output Student’s t

Loss function Negative log likelyhood

Learning rate 10−3

Size of target 1

Scale of the input target mean std std std — std

Lags sequence [1,2,3,4,5,6,7,8,13,14,15,20,21,22,27,28,29,30,31,56,84,363,364,365,727,
728,729,1091,1092,1093]

Dimensionality of Trans-
former layers

32 — 64 64 — 64

Number of attention
heads

2

Feedforward hidden size 32 32 — 32 32 —

Activation function gelu relu — relu gelu —

Dropout for fully con-
nected layers

0.1

Moving average window — 25 — — — —

Autocorrelation factor — 1 — — — —

Number of layers — — 2 — — —

K largest amplitudes — — 4 — — —

Embedding kernel size — — 3 — — —

Attention in encoder — — — ProbAttention — —

Use distilling in encoder — — — True — —

ProbSparse sampling fac-
tor

— — — 5 — —

Table 5 presents the optimal hyperparameter configurations identified for each of the Transformer-
based models used in this study, as determined through the Optuna optimization framework. These
configurations were fine-tuned to maximize forecasting accuracy based on the Mean Weighted Quantile
Loss (MWQL) metric. The context length values vary across models, reflecting different time horizons
used to capture historical patterns in the time series data. For example, some models perform better
with shorter context windows (e.g., 28 days), while others benefit from longer windows (e.g., 28 ×
3 days) to account for more extended seasonal trends. The batch size also differs among models,
indicating the number of data samples processed in each iteration during training. Smaller batch
sizes can improve model stability, while larger batch sizes enhance computational efficiency. The
batch size selection balances the trade-off between training speed and prediction accuracy. The
number of encoder and decoder layers influences the model’s capacity to learn complex temporal
patterns. Deeper models, with more layers, tend to capture more intricate dependencies but at the
cost of increased computational requirements. The Best MWQL value represents the minimum Mean
Weighted Quantile Loss achieved during the hyperparameter tuning process for each model. This
value is crucial as it indicates the model’s effectiveness in providing accurate probabilistic forecasts
across multiple quantiles. Comparing the Best MWQL values obtained with and without explanatory
features highlights the importance of feature integration in improving forecast accuracy. Models that
incorporate explanatory features consistently achieve lower MWQL values, demonstrating the impact
of additional context in refining prediction intervals and better capturing the inherent uncertainties of
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retail demand. Lower MWQL values reflect better model performance, demonstrating the model’s
ability to produce reliable prediction intervals that capture uncertainty effectively.

Table 5. Optimal hyperparameter configurations obtained through the Optuna framework for each Transformer-
based model.

Hyperparameter Transformer Autoformer ETSformer Informer NSTransformer Reformer

Without features

Context length 28 28 × 2 28 28 × 3 28 × 3 28 × 2

Batch size 128 64 128 256 256 64

Number of encoder layers 16 16 — 16 4 4

Number of decoder layers 2 8 — 16 8 4

Best MWQL value 0.6121 0.7403 0.6178 0.7753 0.6081 1.5830

With features

Context length 28 28 × 3 28 28 × 2 28 × 3 28

Batch size 256 256 128 128 256 32

Number of encoder layers 8 4 — 2 4 16

Number of decoder layers 4 4 — 2 4 2

Best MWQL value 0.6067 0.7387 0.6312 0.7730 0.6228 1.3990

4.4. Performance Metrics

To evaluate the performance of the forecasting models on the test set, a set of widely recognized
accuracy metrics was employed. The test set consisted of the final 28 days of each time series (from
May 23, 2016, to June 19, 2016), reserved for out-of-sample evaluation following the framework of
the M5 competition. These metrics provide insights into the accuracy and reliability of the forecasts
by comparing predicted values against observed data in this holdout period. The model predictions
were generated by autoregressively sampling future time steps from the conditioned context window.
For each time step in the prediction horizon, 20 samples were drawn ensuring robust point and
probabilistic predictions across the test set.

To evaluate point forecasts, we used the Mean Absolute Scaled Error (MASE) and the Normalized
Root Mean Squared Error (NRMSE) which are calculated as follows. MASE is a scale-independent
metric that evaluates the accuracy of forecasts by comparing them to a naïve baseline model. For a
dataset consisting of N time series, it is defined as [62]:

MASE =
1
N

N

∑
i=1

1
H ∑T+H

t=T+1

∣∣ỹi
t − yi

t
∣∣

1
T−1 ∑T

t=2
∣∣yi

t − yi
t−1

∣∣ , (6)

where yi
t denotes the value of the i-th time series at time t, ỹi

t denotes the median of the samples, H
is the prediction length or forecast horizon, and T is the length of the time series i. To simplify the
notation we assume that all time series have the same length T. A lower MASE value indicates better
model performance. Specifically, a value less than 1 indicates that the forecasting model performs
better than the naïve baseline, while values greater than 1 indicate worse performance. MASE is
particularly effective for comparing models across different time series, as it is invariant to scaling.

NRMSE normalizes the RMSE (Root Mean Squared Error) by dividing it by the mean of the
observed values in the test set. For a dataset consisting of N time series, it is defined as:
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where yi
t denotes the value of the i-th time series at time t, ŷi

t denotes the mean of the samples, H is the
prediction length or forecast horizon, and T is the length of the time series i. Lower NRMSE values
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indicate better model performance. NRMSE is sensitive to large deviations, meaning it assigns greater
penalties to larger errors. It is particularly useful for understanding the spread of the prediction errors
in the test set.

In addition to point forecast metrics, the study assessed probabilistic forecasts using the Mean
Weighted Quantile Loss (MWQL) and Mean Absolute Error Coverage (MAE Coverage). These metrics
evaluate the model’s ability to capture uncertainty and provide reliable prediction intervals.

MWQL assesses the quality of probabilistic forecasts by evaluating how well a model predicts
various quantiles of the future distribution. For a set of Q quantiles {q1, ..., qQ}, it is defined as [61,63]:

MWQL =
1
Q

Q
∑
j=1

WQLqj
, (8)

where Q is the number of quantiles and WQLqj
is the Weighted Quantile Loss of quantile qj, defined

for a dataset of N time series as:
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where T is the length of the time series i, H is the prediction length or forecast horizon, yi
t is the value of

the i-th time series at time t, f
i,qj
t is the predicted quantile qj of time series i at time t, and ρi,qj

(
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is the quantile loss at level qj, which is defined as:
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Lower MWQL values indicate better performance, as they reflect the model’s ability to provide
accurate predictions across different quantiles. This metric is crucial for applications that require
understanding uncertainty, such as inventory management. In all experiments, we use quantiles
{0.1, 0.2, . . . , 0.9} to calculate MWQL, so that Q = 9.

MAE Coverage quantifies the proportion of time points where the actual value lies below the
predicted quantile. For a set of Q quantiles {q1, ..., qQ}, it is defined as:

MAE Coverage =
1
Q

Q
∑
j=1

∣∣∣Coverageqj
− qj

∣∣∣ , (11)

where Q is the number of quantiles and Coverageqj
is the coverage of quantile qj, defined for a dataset

of N time series as:
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where T is the length of the time series i, H is the prediction length or forecast horizon, yi
t is the value of
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Higher MAE Coverage values indicate better coverage and reliability of probabilistic forecasts,
meaning the prediction intervals are well-calibrated to the observed data.

By employing these performance metrics, the study provides a comprehensive evaluation of both
point and probabilistic forecasts, ensuring the robustness and reliability of the Transformer-based
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models for retail demand forecasting. Emphasis is placed on achieving lower values for error-based
metrics (MASE, NRMSE and MWQL) and higher values for coverage-related metrics (MAE Coverage)
to indicate better predictive performance and model reliability.

4.5. Results and Discussion

The empirical evaluation results presented in Tables 6, 7, and 8 highlight the performance differ-
ences between various Transformer-based forecasting models employed in this study. These results
encompass both point forecast and probabilistic forecast metrics, providing a comprehensive compari-
son of the models’ accuracy and reliability over the full forecast horizon as well as at different forecast
steps.

Table 6 summarizes the overall performance of the models across point forecast metrics, such as
Mean Absolute Scaled Error (MASE) and Normalized Root Mean Square Error (NRMSE), and proba-
bilistic forecast metrics, including Weighted Quantile Loss (WQL) at different quantile levels, Mean
Weighted Quantile Loss (MWQL), and Mean Absolute Error (MAE) Coverage. The results demonstrate
that the inclusion of additional explanatory features consistently improves the performance of most
models. For instance, the Transformer model with explanatory features achieves a lower NRMSE of
1.650 compared to 1.748 without features, indicating better accuracy in point forecasts. Similarly, the
MAE Coverage for the Transformer model increases from 0.081 to 0.190 with the inclusion of features,
suggesting improved reliability in probabilistic forecasts.

Table 6. Overall performance comparison of Transformer-based models across point and probabilistic forecast
metrics.

Point forecast metrics Probabilistic forecast metrics

Model MASE NRMSE WQL0.1 WQL0.5 WQL0.9 MWQL MAE
Coverage

Transformer Without features 0.902 1.748 0.254 0.735 0.675 0.629 0.081
With features 0.906 1.650 0.227 0.738 0.716 0.634 0.190

Autoformer Without features 1.062 2.421 0.378 0.859 0.701 0.741 0.070
With features 1.054 2.439 0.395 0.925 0.731 0.796 0.071

ETSformer Without features 0.985 1.984 0.316 0.769 0.595 0.646 0.049
With features 1.067 1.738 0.328 0.797 0.615 0.674 0.127

Informer Without features 1.026 2.470 0.322 0.921 0.935 0.801 0.109
With features 0.996 2.522 0.253 0.942 1.038 0.830 0.086

NSTransformerWithout features 0.917 1.669 0.249 0.746 0.680 0.636 0.073
With features 0.979 1.849 0.263 0.785 0.781 0.687 0.178

Reformer Without features 2.463 4.550 0.547 2.217 3.182 2.097 0.485
With features 1.979 3.892 0.468 1.768 2.329 1.642 0.449

Table 7 provides a detailed breakdown of point forecasting performance across varying forecast
horizons. The accuracy of all models generally decreases as the forecast horizon extends, which is
expected due to the increasing uncertainty over time. However, models augmented with explanatory
features demonstrate more stable and accurate long-term predictions. For example, the Autoformer
model shows consistent improvements in both MASE and NRMSE values at all forecast steps when
features are incorporated, indicating the value of additional contextual information in achieving more
reliable point forecasts.
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Table 7. Point forecasting accuracy of models across different forecast horizons.

MASE NRMSE

Model 1 step 7 steps 14 steps 21 steps 1 step 7 steps 14 steps 21 steps

Transformer Without features 0.836 0.855 0.886 0.898 1.488 1.639 1.659 1.704
With features 0.837 0.856 0.888 0.903 1.383 1.535 1.567 1.615

Autoformer Without features 1.027 1.043 1.065 1.067 2.408 2.530 2.469 2.452
With features 1.001 1.024 1.054 1.059 2.112 2.442 2.418 2.431

ETSformer Without features 0.919 0.945 0.974 0.985 1.859 2.129 1.986 1.987
With features 0.988 1.021 1.053 1.066 1.534 1.663 1.684 1.709

Informer Without features 0.981 1.004 1.023 1.029 2.227 2.487 2.448 2.446
With features 0.879 0.915 0.968 0.991 2.152 2.435 2.473 2.496

NSTransformerWithout features 0.857 0.872 0.902 0.916 1.402 1.543 1.589 1.634
With features 0.871 0.904 0.948 0.969 1.565 1.775 1.792 1.829

Reformer Without features 1.621 1.873 2.151 2.334 2.908 3.521 3.943 4.277
With features 1.379 1.583 1.786 1.910 2.811 3.331 3.575 3.754

Table 8 presents the results of probabilistic forecasting over different forecast horizons. The
MWQL values, which measure the overall accuracy of probabilistic predictions, generally increase
as the forecast horizon lengthens, reflecting the increasing difficulty of maintaining high forecast
accuracy over longer periods. Notably, models that incorporate explanatory features achieve more
robust probabilistic predictions, particularly at early forecast steps. For instance, the Transformer
model with features achieves a lower MWQL of 0.585 at the one-step horizon compared to 0.594
without features. Additionally, the MAE Coverage metrics indicate that models with features provide
better coverage of actual values within their prediction intervals, which is critical for assessing the
reliability of probabilistic forecasts.

Table 8. Probabilistic forecasting accuracy of models across different forecast horizons.

MWQL MAE Coverage

Model 1 step 7 steps 14 steps 21 steps 1 step 7 steps 14 steps 21 steps

Transformer Without features 0.594 0.588 0.605 0.618 0.056 0.061 0.070 0.072
With features 0.585 0.587 0.605 0.622 0.083 0.133 0.155 0.176

Autoformer Without features 0.761 0.744 0.739 0.740 0.051 0.060 0.064 0.067
With features 0.790 0.787 0.789 0.794 0.069 0.067 0.069 0.070

ETSformer Without features 0.623 0.621 0.632 0.641 0.046 0.046 0.048 0.049
With features 0.645 0.646 0.658 0.668 0.126 0.124 0.128 0.128

Informer Without features 0.783 0.796 0.794 0.798 0.095 0.097 0.105 0.108
With features 0.711 0.737 0.780 0.814 0.059 0.065 0.076 0.083

NSTransformerWithout features 0.595 0.594 0.613 0.627 0.043 0.050 0.061 0.068
With features 0.608 0.623 0.650 0.671 0.058 0.096 0.137 0.161

Reformer Without features 1.283 1.489 1.753 1.949 0.423 0.455 0.473 0.481
With features 1.133 1.292 1.448 1.562 0.339 0.388 0.420 0.438

The results across Tables 6, 7, and 8 consistently demonstrate the significant impact of incorporat-
ing explanatory features, such as calendar information, selling prices, and SNAP activity indicators,
on model performance. These features enhance both point and probabilistic forecast accuracy by
providing additional context that helps the models capture underlying patterns in the data more
effectively. The analysis confirms that Transformer-based models can leverage diverse exogenous
variables to improve forecasting accuracy and reliability in complex retail environments.

Among the models evaluated, the Transformer and ETSformer models exhibited notable improve-
ments when explanatory features were included. The Transformer model, in particular, achieved
substantial gains in both point and probabilistic forecasting metrics, showcasing its adaptability to
incorporate additional context for better predictions.

Comparing the different models, the Transformer, Autoformer, and ETSformer architectures
displayed robust performance across various forecast horizons. While the Reformer model showed
higher error rates in both point and probabilistic forecasts, it still benefitted from the inclusion of
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explanatory features. The NSTransformer and Informer models also demonstrated improvements with
features, but their gains were less pronounced compared to the Transformer and Autoformer models.

The ability to achieve both accurate point forecasts and reliable probabilistic forecasts is crucial for
practical applications in retail demand forecasting. Accurate point forecasts help in optimizing inven-
tory levels and reducing stockouts, while reliable probabilistic forecasts enable better risk management
by providing well-calibrated prediction intervals. The study’s findings underscore the importance
of integrating diverse explanatory variables to improve the robustness and reliability of forecasting
models in dynamic retail settings.

Overall, the results highlight that Transformer-based models, when augmented with relevant
explanatory features, provide a powerful tool for both short-term and long-term retail demand
forecasting. The improvements observed across different metrics and forecast horizons affirm the
potential of these models to enhance decision-making processes in retail operations by providing more
accurate and reliable forecasts.

5. Conclusions
This study explored the application of Transformer-based models for probabilistic time series

forecasting in the retail sector, leveraging the rich explanatory variables provided by the M5 dataset.
The research demonstrated that incorporating diverse contextual information—such as calendar events,
pricing strategies, and socio-economic factors—significantly improves the accuracy and reliability of
sales forecasts compared to traditional forecasting methods.

The empirical results highlight the transformative impact of deep learning models, particularly
Transformers, in handling complex retail time series data. Unlike traditional statistical approaches
that often struggle with high-dimensional, hierarchical, and irregular data, Transformer-based models
are capable of capturing intricate temporal patterns and long-range dependencies across various time
horizons. The study specifically showed that models like ETSformer and Autoformer excel in both
point and probabilistic forecasting, benefiting from advanced attention mechanisms that adapt to
varying data structures and dynamics.

A critical advantage of these models is their ability to provide probabilistic forecasts, which
are particularly valuable in retail operations. Probabilistic forecasting not only enhances demand
prediction accuracy but also provides meaningful uncertainty estimates through prediction intervals.
These intervals are crucial for inventory management, allowing businesses to optimize stock levels,
reduce costs associated with overstocking, and mitigate risks of stockouts. By offering a range of likely
future outcomes rather than a single point estimate, the models enable more informed decision-making
in uncertain and dynamic retail environments.

The inclusion of explanatory variables—such as SNAP activities, selling prices, and holiday indi-
cators—further enriched the models’ predictive capabilities. For instance, calendar-related variables
captured the effects of seasonality and special events, while price-related features helped to model the
impact of pricing changes on consumer demand. Socio-economic indicators, such as SNAP activities,
reflected variations in consumer purchasing power and allowed the models to account for external
influences on sales patterns. These findings underscore the importance of integrating domain-specific
knowledge into machine learning models to achieve robust, context-aware predictions.

Despite the overall success of Transformer-based models in retail forecasting, some limitations
were observed. For example, while the Reformer model provided computational efficiency through
its use of Locality-Sensitive Hashing (LSH) attention, it did not consistently achieve the same level of
accuracy as other models, particularly when dealing with highly granular sales data. This suggests
that the choice of model architecture should be carefully aligned with the specific characteristics of the
dataset and the forecasting requirements.

The study also highlighted the importance of hyperparameter tuning in optimizing the perfor-
mance of deep learning models. Using the Optuna framework for hyperparameter optimization
proved essential for balancing model complexity and computational efficiency. The ability to adjust
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key parameters, such as context length, batch size, and attention heads, allowed for a tailored approach
to forecasting that maximized the models’ predictive power.

From a practical standpoint, the findings of this research have significant implications for retail
businesses. Accurate demand forecasts can lead to better decision-making at strategic, tactical, and
operational levels. At a strategic level, forecasts help retailers make long-term decisions regarding
market expansion, store locations, and channel development. Tactically, reliable forecasts support
mid-term planning, such as optimizing promotional strategies, pricing, and product assortments.
Operationally, accurate forecasts ensure efficient inventory management, reducing the risk of stockouts
and minimizing waste.

The research demonstrated that integrating Transformer-based models with probabilistic forecast-
ing techniques allows retailers to move beyond traditional forecasting approaches and adopt more
sophisticated methods that account for uncertainty and context. This shift is essential for modern
retail operations, where consumer behavior is increasingly influenced by a wide range of internal and
external factors.

In conclusion, this study confirms the effectiveness of Transformer-based models for probabilistic
time series forecasting in the retail sector. These models, particularly when augmented with explana-
tory variables, provide substantial improvements in forecast accuracy and uncertainty estimation.
Future research should explore additional explanatory variables, such as weather data or social media
trends, and further refine model architectures to enhance predictive performance. Moreover, the
integration of explainability techniques would provide practitioners with greater insights into the
drivers of demand fluctuations, enabling them to make more transparent and actionable decisions.

Overall, this work underscores the potential of deep learning models to revolutionize retail
forecasting, making them indispensable tools for data-driven decision-making in an increasingly
dynamic and competitive market.
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