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Abstract: In recent years, Out-of-Stock (OOS) occurrences have posed a persistent challenge
for both retailers and manufacturers. In the context of grocery retail, an OOS event repre-
sents a situation where customers are unable to locate a specific product when attempting
to make a purchase. This study analyzes the issue from the manufacturer’s perspective.
The proposed system, named the “Multi-modal yield eSTimation System of in-prOmotion
Commercial Key-ProductS” (MySTOCKS) platform, is a sophisticated multi-modal yield
estimation system designed to optimize inventory forecasting for the agrifood and large-
scale retail sectors, particularly during promotional periods. MySTOCKS addresses the
complexities of inventory management in settings where Out-of-Stock (OOS) and Surplus-
of-Stock (SOS) situations frequently arise, offering predictive insights into final stock levels
across defined forecasting intervals to support sustainable resource management. Unlike
traditional approaches, MySTOCKS leverages an advanced deep learning framework that
incorporates transformer models with self-attention mechanisms and domain adaptation
capabilities, enabling accurate temporal and spatial modeling tailored to the dynamic
requirements of the agrifood supply chain. The system includes two distinct forecasting
modules: TR1, designed for standard stock-level estimation, and TR2, which focuses on
elevated demand periods during promotions. Additionally, MySTOCKS integrates Elastic
Weight Consolidation (EWC) to mitigate the effects of catastrophic forgetting, thus en-
hancing predictive accuracy amidst changing data patterns. Preliminary results indicate
high system performance, with test accuracy, sensitivity, and specificity rates approximat-
ing 93.8%. This paper provides an in-depth examination of the MySTOCKS platform’s
modular structure, data-processing workflow, and its broader implications for sustain-
able and economically efficient inventory management within agrifood and large-scale
retail environments.

Keywords: artificial intelligence; large-scale distribution; agrifoods; Out-of-Stock; Over-Stock

1. Introduction

Effective inventory management is crucial in retail operations, where Out-of-Stock
(O0S) and Surplus-of-Stock (SOS) conditions can significantly impact both financial per-
formance and environmental sustainability. The proposed MySTOCKS system aims to
address these challenges by offering a robust, multi-modal, deep learning-based forecasting
framework designed to optimize stock levels, particularly during high-impact promotional
periods. MySTOCKS distinguishes itself from existing solutions by leveraging a combi-
nation of transformers and Elastic Weight Consolidation (EWC) to minimize OOS/SOS
instances, thus enhancing both the predictive accuracy and resilience of inventory manage-
ment processes.
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The problem of inventory prediction in retail has been explored in various studies, of-
ten focusing on OOS detection and demand forecasting through techniques like supervised
learning, computer vision, and long short-term memory (LSTM) models. For example,
Rosado et al. developed supervised learning models for OOS detection on retail shelves,
achieving insights into real-time inventory levels [1]. However, these models generally
lack the scalability and flexibility required to manage the inherent volatility of inventory
dynamics during promotional events. Other efforts, such as the use of LSTM in demand
forecasting for specific product categories, have demonstrated improvements in predictive
accuracy, yet often fall short in handling non-stationary data [2,3].

MySTOCKS innovates by introducing a multi-architecture deep learning approach,
utilizing transformers with attention mechanisms and domain adaptation capabilities to
enhance long-term predictive capacity. This architecture integrates both standard and
promotional inventory conditions into a unified system, distinguishing between normal
and promotional sales cycles through two dedicated forecasting modules, TR1 and TR2.
TR1 predicts inventory levels under typical conditions, while TR2 forecasts outcomes in pro-
motional scenarios, employing historical and real-time data from central database records.
By utilizing continual learning techniques such as Elastic Weight Consolidation (EWC),
MySTOCKS addresses catastrophic forgetting, a common limitation in dynamic time-series
forecasting applications. In summary, MySTOCKS offers a scalable and adaptable solution
for inventory prediction, leveraging state-of-the-art deep learning architectures to optimize
stock levels, reduce OOS/SOS rates, and provide decision support that aligns with both
economic and environmental objectives. This paper details the system architecture, core
methodologies, and experimental results that demonstrate the efficacy of MySTOCKS in
various retail forecasting scenarios.

This work is structured into several sections. In Section 2, related works are analyzed,
comparing traditional and advanced methods for Out-of-Stock (OOS) prediction. Section 3
describes the MySTOCKS architecture, based on transformers and Elastic Weight Consoli-
dation (EWC). Section 4 highlights how MySTOCKS outperforms other models in accuracy,
sensitivity, and specificity. Section 5 explains EWC’s role in preventing catastrophic forget-
ting. Section 6 confirms the system’s effectiveness and outlines future developments.

2. Related Works

The issue of Out-of-Stock (OOS) has been extensively studied, with various approaches
aimed at detecting and predicting these events, each presenting unique benefits and limita-
tions. Recent studies propose diverse methodologies for addressing the problem, including
the use of point-of-sale (POS) data, RFID detection technologies, and machine learning
models, exploring both retailer and manufacturer perspectives.

2.1. RFID and Physical Audit Detection Methods

Employing RFID technology alongside physical audits constitutes a conventional
approach to detecting Out-of-Stock (OOS) situations, wherein regular manual checks
confirm product presence on store shelves [4]. Despite their reliability, these methods face
notable limitations in both cost and scalability. Research indicates that, although accurate,
the costs associated with implementing RFID can be excessively high [5]. Additionally,
physical audits demand significant labor resources, making it difficult to efficiently scale
these practices across large retail networks with extensive product ranges and numerous
store locations [6].
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2.2. POS Data-Based Techniques

An alternative strategy for OOS detection utilizes point-of-sale (POS) data, integrating
sales records with historical inventory data to forecast stockouts [7]. This method supports
more effective resource allocation and minimizes human error, offering greater scalability
relative to manual audits. Nevertheless, this approach encounters challenges, including the
need for extensive and precise historical POS data and the identification of key predictive
variables for OOS events. Studies have shown that POS data-driven methods yield high
true positive rates in detecting OOS when validated against manual audits. However, these
methods tend to be less effective for low-turnover products or in cases where POS data lack
accuracy, which can impede precise forecasting [8].

2.3. Machine Learning and Classification Models

Recent advancements in machine learning have facilitated the creation of classification
models tailored for detecting and predicting OOS occurrences. Techniques such as decision
trees, random forests, and support vector machines (SVMs) are extensively used to process
POS data and inventory records, categorizing items as either in stock or OOS [9]. Research
indicates that random forests surpass simpler models like decision trees by capturing
intricate variable relationships, which enhances overall accuracy and lowers error rates.
However, these models frequently face challenges due to class imbalance, as OOS events
constitute a minority within retail datasets, potentially affecting classification effectiveness
and requiring methods like ensemble learning to address these limitations [10].

2.4. Ensemble and Hybrid Approaches

To overcome the limitations of single-model classifiers, ensemble and hybrid ap-
proaches have been developed, integrating multiple algorithms to improve predictive
accuracy. Techniques such as stacking, bagging, and boosting have shown substantial
gains in OOS detection by synthesizing predictions from multiple models. Hybrid meth-
ods, for instance, combining convolutional neural networks (CNNs) for feature extraction
with long short-term memory (LSTM) networks for capturing temporal dependencies,
have proven effective for high-frequency sales data, enhancing detection rates in retail
settings [11]. However, these approaches are computationally demanding and require
substantial resources for training, particularly when handling large datasets [12].

2.5. Deep Learning and Neural Network Models

Deep learning solutions, especially recurrent neural networks (RNNs) and long short-
term memory (LSTM) networks, have shown promising results in OOS prediction, par-
ticularly for handling complex time-series data [13]. LSTM networks are highly effective
in capturing sequential patterns within inventory data, making them well-suited for de-
mand forecasting and identifying potential stockouts. Although LSTMs excel at modeling
long-term dependencies, they are computationally intensive and susceptible to overfitting,
particularly when trained on smaller datasets [14]. Additionally, LSTMs are sensitive
to data anomalies, which can affect their predictive accuracy in highly dynamic retail
settings [15].

2.6. Emerging Techniques: Transformer Models and Continual Learning

The adoption of transformer models, notably temporal fusion transformers (TFTs),
has recently advanced in multi-horizon time-series forecasting applications. Transformers
utilize attention mechanisms to identify dependencies across extensive sequences, making
them particularly effective for OOS prediction within complex retail datasets. Research
indicates that transformers can surpass traditional RNNs and LSTMs by selectively em-
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phasizing critical temporal features, though training these models demands considerable
computational resources [16-18]. Additionally, Elastic Weight Consolidation (EWC) tech-
niques have been implemented to counteract catastrophic forgetting—an issue prevalent in
dynamic retail data—Dby retaining key learned parameters across tasks [19]. Despite their
effectiveness, the computational complexity and resource requirements of transformers
pose significant challenges for large-scale practical deployment.

In recent years, machine learning has proven to be a powerful approach for OOS
prediction, leveraging advanced algorithms such as random forests, decision trees, and
support vector machines (SVMs). These methods analyze inventory data to forecast stock
levels, often incorporating ensemble techniques to address the class imbalance typical
of OOS datasets, where stockouts are only a small subset of inventory events. Studies
demonstrate that ensemble approaches, which aggregate outputs from multiple models, can
enhance accuracy by overcoming issues associated with skewed data distributions [8-11].

Machine learning (ML) techniques have significantly advanced in Out-of-Stock (OOS)
prediction, providing robust tools for managing the extensive and complex datasets typical
in retail environments. ML models—including decision trees, random forests, support
vector machines (SVMs), and neural networks—are employed to detect patterns and
trends that might signal impending stockouts. These models analyze historical sales
data, inventory records, and various contextual factors to improve the accuracy of OOS
forecasts. Among these, random forests are often preferred for their resilience and ca-
pability to manage large feature sets while minimizing overfitting risks. Comparative
studies indicate that random forests typically outperform simpler models like decision
trees by achieving higher accuracy and lower error rates, effectively handling complex data
relationships [4,5]. However, despite their strong predictive capabilities, these models
are frequently challenged by class imbalance, as OOS events constitute a minority class
within retail datasets. This imbalance can degrade performance if not adequately addressed.
Techniques such as synthetic minority oversampling (SMOTE) and ensemble learning are
employed to mitigate this issue, with ensemble methods proving particularly effective by
integrating multiple models to enhance predictive accuracy and reliability [6,7].

Support vector machines (SVMs) are also widely utilized for OOS prediction due to
their capability to create high-dimensional decision boundaries, allowing them to distin-
guish OOS from non-OOS events with a high degree of precision. However, SVMs are
computationally intensive, especially for large datasets, and often require careful parameter
tuning to reach optimal performance. Their accuracy may also decline in the presence of
noise or significant class overlap, which is common in retail data due to seasonal variations
and unpredictable demand patterns [8].

Deep neural networks, including recurrent neural networks (RNNs) and long short-
term memory (LSTM) networks, show significant potential for OOS prediction, particularly
in time-series applications. LSTMs are highly effective in detecting sequential patterns in
inventory and sales data, allowing them to predict OOS events across varying timeframes.
These models capture dependencies across time periods, which is essential for understand-
ing how past sales and inventory behavior influence future stock levels. Despite these
strengths, LSTMs are prone to overfitting, particularly with smaller datasets, and require
substantial computational resources for training, especially when applied to the complex,
high-variability data typical in retail [9].

To address the limitations of single-model approaches, ensemble techniques such as
stacking and boosting are increasingly applied to OOS prediction. Stacking, for example,
combines diverse classifiers (e.g., decision trees, SVMs, and neural networks), improving
prediction accuracy by leveraging the unique strengths of each model type. Research
shows that stacked ensemble models can significantly enhance both recall and precision
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metrics by effectively balancing the sensitivity to OOS events with specificity for non-OOS
instances [10,11].

Clearly, machine learning provides diverse approaches to enhance OOS prediction,
each with its unique strengths and challenges. Random forests and ensemble techniques
are widely employed for their resilience against overfitting and their capacity to manage
imbalanced datasets effectively, while SVMs and neural networks, particularly LSTMs,
are advantageous for applications requiring complex decision boundaries and time-series
forecasting. However, implementing these models in practical settings demands careful
management of computational costs, data quality, and continual model tuning to adapt
to the dynamic nature of retail environments. While machine learning and deep learning
models have notably improved OOS detection and forecasting, each method involves spe-
cific trade-offs in terms of scalability, precision, and computational demands. Transformer
models and ensemble methods are promising areas for future exploration, especially for
handling the non-stationary aspects of retail inventory data. Nonetheless, substantial
data and computational requirements remain obstacles to widespread implementation in
real-world retail. Moreover, several challenges persist in the methods proposed within
the scientific literature. These include low predictability across accuracy, sensitivity, and
specificity metrics, primarily due to the non-stationary nature of stock-level time-series
data for specific products, which limits the efficacy of conventional statistical approaches.
While some literature has introduced deep learning methods, they often lack self-attention
mechanisms and domain adaptation capabilities, and tend to rely on convolutional archi-
tectures. These architectures face intrinsic limitations in their receptive fields, constraining
their ability to generalize the underlying patterns. There is also an absence of empirical
evidence supporting their robustness in high-intensity scenarios, such as promotional peri-
ods or other rapid shifts in order, as well as sales dynamics. Additionally, these methods
suffer from catastrophic forgetting—a reduction in predictive accuracy when faced with
significant statistical changes in input data, a common issue in dynamic, stochastic, and
nonlinear contexts like stock-level forecasting. This problem is critical not only under
typical operating conditions but also during impactful disruptions, such as sudden external
events that influence consumption patterns or social factors driving concentrated demand
for specific products.

3. Materials and Methods

In this section, the proposed MySTOCKS pipeline will be described. The following
Figure 1 reports the overview representation of the proposed approach.

As shown in Figure 1, the MySTOCKS pipeline—a sophisticated framework for inven-
tory forecasting—utilizes a hybrid, multi-modal architecture to predict stock levels under
both standard and promotional conditions. This system tackles key challenges in retail
inventory management, specifically Out-of-Stock (OOS) and Surplus-of-Stock (SOS) events,
by integrating advanced deep learning and continual learning methods. The architecture
emphasizes high temporal resolution and spatial detail to dynamically monitor and project
stock variations, thereby reducing the environmental and economic impacts of overstocking
and understocking, especially during promotions. At the core of MySTOCKS lies a dual
transformer-based model structure comprising two main modules: TR1 and TR2. TR1
is responsible for routine inventory forecasts, processing multi-dimensional time-series
data to project stock levels while minimizing OOS and SOS. This module incorporates
temporal convolutional layers and attention mechanisms to prioritize input data dynami-
cally, generating reliable predictions based on historical sales, returns, and inventory data
stored in a central database. TR1 supports time-series forecasting with improved accuracy,
providing optimal ordering strategies for standard demand patterns. TR2, by contrast,
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is specifically configured for promotional contexts, forecasting end-of-promotion stock
levels with a 45-day horizon—an extended forecast range beyond typical systems. Sharing
weights and architecture with TR1, TR2 is enhanced by additional variables pertinent
to promotional dynamics, such as days remaining until promotion start and end. This
transformer model integrates pre-trained temporal convolutional networks (TCNs) from
TR1, boosting predictive accuracy for promotional sales trends and circumventing catas-
trophic forgetting, a common challenge in deep learning. Both TR1 and TR2 employ Elastic
Weight Consolidation (EWC) to support continual learning, preserving prior knowledge
and preventing overwriting when adapting to new tasks like promotional forecasting.

MYSTOCKS SYSTEM

Slovewirtsd - gnc

ulwﬂb%::ww
-

Binary Output

Systems Management Software

W Central Database

Clover fortakB = gwc

clwewfrtaka =l
Q-mmm ' l

Figure 1. The proposed MySTOCKS pipeline: overview diagram.

MySTOCKS operates with a central relational database that consolidates compre-
hensive product-level data—such as initial and final stock levels, sales volumes, and
promotional indicators—formatted into a high-dimensional tensor for processing by TR1
and TR2. The system complies with the General Data Protection Regulation (GDPR), en-
suring sensitive data are managed per stringent privacy standards. Through its advanced
architecture, MySTOCKS delivers robust accuracy, sensitivity, and specificity, achieving up
to 93.8% accuracy in stock forecasting and significantly reducing OOS and SOS occurrences.

This pipeline presents a resilient and adaptive solution for inventory forecasting,
with broad applications in dynamic retail environments. More details are given in the
following subsections.

3.1. Pipeline Architecture and Components

As introduced, the MySTOCKS pipeline comprises two primary forecasting mod-
ules: TR1 for regular inventory forecasting and TR2 for promotional forecasting. Both
modules are transformer-based architectures, yet they are adapted to different inventory
management contexts:

3.2. TR1: Standard Inventory Forecasting Module

TR1 is designed to handle inventory forecasting under non-promotional conditions,
aiming to predict product stock levels at an n-day horizon. The model receives a temporal
tensor representation derived from the central database, which includes multidimensional
data such as product movement dates, initial and final stock quantities, purchased quanti-
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ties, and non-promotional sales. This tensor is processed in a “flat” 1D format that captures
the past 15 days of product data, resulting in a structured input vector for the transformer
model. TR1 leverages a fusion transformer architecture that integrates temporal convolu-
tional networks (TCNs) and self-attention mechanisms to enhance forecasting accuracy by
dynamically weighing input features. A key component of the TR1 module is its patching
and encoding—decoding structure, which segments the temporal input into patches for
efficient processing. Encoding layers, which include recurrent TCN blocks and gated atten-
tion mechanisms, transform the time-series data into feature representations that capture
both past trends and short-term predictive factors. Additionally, a variable selection layer
calculates statistical indicators (e.g., mean and variance) that provide auxiliary predictive
power. In decoding, the model combines these encoded features to predict future inventory
levels through densely connected layers, concluding with a softmax layer, which converts
raw model outputs into probability distributions for classification that refine the predic-
tion outputs. The following Figure 2 reports a block diagram of the transformer-based
TR1 sub-system.

Final Stocks level

SoftMax / Quantile Regression

Temporal Fusion Decoder

Position-wise . (Opcsonal)
Feed -forward 4
a
Gated Residual Network (GRN)
Self-Attention v
EDICH:
A Varlable
Static Selecticn
Enrichment ._‘é)_ weon
Uy
sutc el & A
Covarlate O ]
: -
. } LK
4 -
Variable Variable Variable Variable Variable ¢ P R T
Selection Selection Selection Selection Selection St bl g
sentormed loguts
» —_— Ptsened Dxternal
Transformed Inputs Glaenfiubeding [resr—
S r T (Linear /Embedding) (Optional)
Static Xt—k Xt . t+1 v Yt Tmar Variable Selection Network

C————————

Past Inputs Known Future Inputs Variable Selection Network ]

- -
)
(a)

Figure 2. The transformer-based TR1 forecasts inventory using encoding and decoding blocks,
multi-head attention, and Gated Residual Networks (GRNSs). (a) Overall Architecture; (b) A detail
of the Variable Selection Block (VSB) and gated Residual Network (GRN) block embedded in the
TR1 architecture.

As shown in Figure 1, this component of the MySTOCKS system corresponds to the
architecture for final stock-level assessment. It takes as input a spatiotemporal tensor of
record(s) from the “Central Database” and outputs a predictive evaluation of the possible
ending inventory at an “n”-day horizon. This prediction enables the user to estimate an
optimal order quantity for a given product, aiming to minimize Out-of-Stock (OOS) and
Surplus-of-Stock (SOS) events. This forecast assumes standard store management condi-
tions, i.e., without special promotions (with the “Promotion Flag” set to “0”). Specifically,
the input to the transformer block will be a vector composed of the following fields:

e  Product code for product px;
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Movement date for product px;

Initial inventory quantity in stock for product px;
Final inventory quantity in stock for product px;
Quantity of product px purchased;

Quantity of product px returned;

Quantity of product px sold without promotion;
Quantity of product px sold during promotion;

Sales price of product px.

These data fields will be arranged into a single 1D vector of size “1xm,” where “m”
represents the total length of all fields from points in a “flat” configuration, resulting in a
time series “Tsx” associated with product “px.” Specifically, the system will structure the
last 15 days of movement history for the product px in a flat format, including the nine
fields listed above, thereby creating a vector of length 15 x 9, or 135 (i.e., a vector of size
1 x 135). This time series “Tsx” is then processed by the fusion transformer architecture
(TR1) we have implemented for this purpose.

As shown in Figure 2, the implemented transformer performs preliminary patching of
the input Tsx into temporal sub-patches, differentiating between standard input data and
future data that, while known in advance, are used exclusively for training purposes. Within
the transformer, there is an “information encoding” section containing recurrent blocks
(TCN) followed by attention blocks (Add and Norm—-Gate), which are matrices learned
during training to optimally weight the input data. A parallel “Variable Selection” block
introduces additional statistical indicators, specifically, the mean and variance of the time
series Tsx. In the Transformer’s decoding layer, as shown in block 4, THE temporal merging
of input data (past inputs and known future inputs) is performed, further processing the
features extracted in the encoding phase using additional recurrent blocks (GRN), self-
attention, etc. The structure of the GRN blocks is detailed in Figure 2. These features
are then passed to densely connected neuron layers (with softmax at the output), which
attempt to estimate the future values of the Tsx tensor elements. Specifically, the calculated
features are correlated with the primary target: the ending inventory of product px. The
complex mathematical models of processing, self-attention, and feature weighting are
described in the reference paper detailing the architecture we implemented [20]. Below
are the mathematical models (summary) for the blocks within Transformer 1. When the
input is split between past inputs and known inputs, the GRN block in Transformer TR1
produces the following output (where @ represents the features extracted from the input
data and processed by the GRN block and ¢; the correlated input):

% = SoftMax(GRN(®r, ¢;)) 1)

Meanwhile, the output of the VSB:

~

&8 (7)o ()
Ye=3 o @/ e)
=

where I denotes the number of feature components contributing to the weighted sum.

The Seq2Seq encoding and decoding block has been reconfigured using temporal
convolutional networks (TCNs), producing the following feature embeddings (shared with
the TCNs in TR1) extracted from the 1 x 325 input vector:

~

®(t,n) = LayerNorm (), ,, + GLU(D(¢t,n))) 3)
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where t represents the current time step and 7 defines the forecast horizon, indicating how
many steps into the future the model is predicting. Finally, the multi-head attention layer
(MHAL) block within Transformer TR2 performs the following processing:

Omuar(Q,K, V) = HWy
H = A(QK)VWy =

_ |1 (1) (k) _ (4)
- [thlA(QW KWL )}VWV

1 m
- ﬁ;EHl Attention QWY K, W, vy )

where

e  (Qencodes the feature representations to retrieve relevant information;

e  Kprovides a reference against which Q is compared to compute attention scores;

e  V contains the content that is weighted by the attention scores;

e  the matrices Wy, W,, Wy are weight and self-attention matrices dynamically configured

during the learning phase of model TR1.

To enhance performance, we assumed the system exhibits a Markovian property. Thus,
in a stochastic process representing the “variation in the ending inventory of product px”,
the following property holds:

(¥ (&) tx) = F(O(Y(Gi) k1)) (5)

This means that the ending inventory #&(.), associated with the stochastic process
(Y(&;),ty)—where ¢; are the statistical variables of the stochastic process and t; is the
sampling time of these parameters—depends solely on the inventory level at the preceding
temporal state f;_;, with no influence from earlier states. If this Markov property is
extended to the estimation error, we obtain a correction for the estimation error computed
by the transformer using the following relation:

(Y (Gi), te)= O (Y (Gi), tk) + A0 (Y (8i), tr—1) — O (Y (Ci), tk—1)) (6)

Here, ¢1:(.tx) represents the ending inventory of product px as estimated by the
transformer (architecture shown in Figure 2), 9ct(.)is the actual inventory level previously
estimated at time t_1, and d1;(.,#x_1) represents the previous transformer estimate of the
ending inventory for product px. The parameter A is an empirically determined learning
rate; in this case, we set A = 0.76. With the above equation and assuming a Markovian
dynamic, meaning that the future state of the system depends only on its present state
and not on past states, we can correct the predictive estimate of the ending inventory by
applying a linearly weighted deviation of the previous estimate using factor A.

3.3. TR2: Promotional Inventory Forecasting Module

The TR2 module extends the predictive capabilities of TR1 to accommodate promo-
tional scenarios, where it forecasts inventory levels at the end of promotional periods—
typically around 45 days from the order date, capturing the entire promotional impact
window. TR2’s input tensor includes additional fields related to promotional status, such as
days to promotion start and end, promotional flags, and sales figures within the promotion
period. To maintain continuity in knowledge representation, TR2 utilizes TCN blocks pre-
trained on TR1’s data, allowing it to incorporate the baseline sales dynamics and inventory
behaviors captured under regular conditions. The TR2 transformer architecture mirrors
TR1’s, but with enhancements for handling extended forecasting windows and more com-
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plex promotional dynamics. This module performs temporal patching and encoding similar
to TR1, but with added layers that adapt for prolonged predictive horizons. It classifies
whether the end-of-promotion stock level will exceed a specified tolerance threshold (typ-
ically set at 20% of the initial promotional stock order). Through this threshold-based
approach, TR2 effectively minimizes SOS while preventing understocking risks.

As shown in Figure 1, this block within the MySTOCKS system pertains to the archi-
tecture for final stock level assessment, taking as input a spatiotemporal tensor of record(s)
from the “Central Database” and producing as output a predictive evaluation of the po-
tential stock level at an “n”-day horizon. This enables the user to estimate an appropriate
order quantity for a given product, thereby minimizing both Out-of-Stock (OOS) and
Surplus-of-Stock (SOS) events. However, this prediction, carried out by the TR2 block,
assumes store management in a “Promotional Flyer” scenario (with the “Promotion Flag”
set to “1”). In such cases, the system must predict, in a classification format, whether
the ending stock level at the close of the promotion (typically around 45 days forward),
considering the intended order, will exceed a set tolerance threshold determined by the
store—generally around 20% of the ordered quantity (factoring in the current stock level
as well). This results in a sophisticated and particularly complex forecast approximately
45 days beyond the order date, which is well beyond the predictive horizon of typical sys-
tems on the market. For this reason, we designed a fusion transformer system with internal
convolutional blocks based on TCNs, pre-trained with the weights from Transformer TR1.
Let us proceed step by step. The input tensor for the transformer block TR2 will consist of
the following fields:

Product code for product px;

Movement date for product px;

Initial inventory quantity in stock for product px;
Final inventory quantity in stock for product px;
Quantity of product px purchased;

Quantity of product px returned;

Quantity of product px sold without promotion;
Quantity of product px sold during promotion;
Sales price of product px;

Product category for product px;

Promotion activation flag for the flyer promotion;
Number of days until promotion start for the flyer;

Number of days until promotion end for the flyer.

7

These data fields are arranged into a single 1D vector of size “1xm,” where “m’
represents the total length of all fields from points 1)-13) in a “flat” configuration, resulting
in a time series “Ts2x” associated with product “px.” Specifically, the system structures
the last 25 days of movement history for product px in a flat format, containing the
13 fields listed above. This results in a vector length of 25 x 13, or 325 (i.e., a vector with
dimensions 1 x 325). This time series “Ts2x” is then processed by the fusion transformer
architecture (TR2) that we have implemented for this purpose. Below is the schematic of
the architecture designed for this application:

As reported in Figure 3, the implemented transformer will perform preliminary patch-
ing of the input Ts2x into temporal sub-patches, distinguishing between standard input
data and future data that, while known in advance, are used exclusively for training pur-
poses. Within the transformer, there is an “information encoding” phase, where recurrent
blocks (TCN) are followed by attention blocks (Add and Norm—Gate). These attention
matrices are learned during training to appropriately weigh the input data. A parallel
“Variable Selection” block adds additional statistical indicators, specifically the mean and
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variance of the time series Tsx. In the transformer’s decoding layer, as shown in Figure 3,
the input data (past inputs and known future inputs) are temporally merged and further
processed using additional recurrent blocks (GRN), self-attention, and other mechanisms.
The structure of the GRN blocks is detailed in Figure 3. These features are then passed
to densely connected layers of neurons (with a softmax at the output) that correlate the
calculated features with the final inventory level at the end of the promotion. Specifically,
the model determines whether this ending inventory exceeds or falls below the inven-
tory tolerance threshold to prevent future OOS events while avoiding SOS classification.
This threshold is set at 20% of the inventory level at the time of the promotional order in
the flyer.

0: Final Stocksevel > 20 %
1: Final Stocks Level < 20 %

Classification Layer

Dropost
Temporal Fusion Decoder -

Context
Position-wise (Opcsonal)

Static Vartable
Selection
Enrichment % Weigh
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Metadata ‘ ) ., ) L s
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Figure 3. The transformer-based TR2 sub-system: overview diagram. TR2 predicts promotional
stock levels, classifying whether the final inventory exceeds a 20% threshold. It utilizes encoding—
decoding blocks, multi-head attention, Gated Residual Networks (GRNs), and a classification layer for
decision making.

3.4. Continual Learning and Elastic Weight Consolidation (EWC)

A central challenge in multi-task deep learning, especially in time-series forecasting,
is catastrophic forgetting—the degradation of previously learned tasks when training on
new data. MySTOCKS addresses this with Elastic Weight Consolidation (EWC), which
reinforces the importance of key network parameters essential to prior tasks. EWC operates
by calculating a weight importance matrix during TR1’s training phase, which then informs
TR2’s training by preserving the critical parameters of TR1. Consequently, when TR2 trains
on promotional scenarios, it avoids overwriting TR1’s learned knowledge, maintaining
high predictive accuracy across both standard and promotional contexts. Mathematically,
EWC formulates a modified loss function that penalizes deviations in critical parameters
based on their significance for the original task. This modification is guided by the Fisher
information matrix, which weights parameter importance, thus creating a constraint that
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allows TR2 to adapt to promotional scenarios while retaining the knowledge encapsulated
in TR1’s learned parameters. The result is a seamless integration of continual learning
that supports robust predictions across shifting retail conditions without incurring the
common performance trade-offs seen in static model architectures. We need to recall some
key features of the EWC method in order to easily obtain the reasons for which we decided
to embed this method to our solution herein described.

Deep networks currently represent some of the most effective machine learning ap-
proaches for diverse tasks, including language translation, image classification, and image
generation. However, they are typically constructed to learn multiple tasks only when the
data for all tasks are available simultaneously. When a network is trained on a specific task,
its parameters adjust to optimize performance for that task. When a new task is introduced,
or when the data distribution of an existing task shifts over time, these new adaptations
can overwrite the network’s previously acquired knowledge. This phenomenon, termed
“catastrophic forgetting” in cognitive science, is a fundamental limitation of neural net-
works. In contrast, the human brain demonstrates incremental learning, where skills are
acquired sequentially, and previously learned knowledge can be applied to new tasks.
Neuroscience research has identified two types of consolidation mechanisms in the brain:
systems consolidation and synaptic consolidation [21]. Systems consolidation involves
transferring memories from rapidly learning regions to slower-learning areas, a process
often enhanced by recall during activities such as sleep. Synaptic consolidation, on the
other hand, reinforces neural connections that are critical for previously learned tasks,
making them less likely to be overwritten.

In MySTOCKS, we address catastrophic forgetting by drawing inspiration from these
biological mechanisms. A neural network contains numerous connections, similar to those
in the human brain. After learning a task, the algorithm calculates the importance of each
connection for that task. When training on a new task, each connection is shielded from
modification according to its relevance to previous tasks, enabling the network to learn
new information without erasing previously learned knowledge and without excessive
computational burden. Mathematically, this protection for each connection can be viewed
as a spring-like constraint where rigidity correlates with the importance of the connection.
To implement this, we apply the Elastic Weight Consolidation (EWC) algorithm, modified
to suit our framework. We outline the EWC method below to demonstrate its adaptation in
our approach.

Let 0A represent the parameter set for Task A. When training the model for Task B,
which is statistically distinct from Task A, without sacrificing the skills developed for Task
A or significantly lowering Task A’s performance, the EWC method is applied. During Task
B’s training phase, EWC constrains the model to maintain the weights of parameters in 04,
where the feature map of Task A’s expertise is concentrated.

In this way, the model can learn new dynamics (Task B) without forgetting the previous
ones (Task A). Specifically, the Transformer TR2 architecture will effectively learn the ability to
predict the ending inventory during the flyer promotion, leveraging the knowledge from the
TR1 system without sacrificing accuracy. Moreover, this approach allows us to maintain robust
performance across both tasks by preserving the predictive accuracy for ending inventory
levels in standard and promotional scenarios. By retaining the essential parameters learned in
TR1 through Elastic Weight Consolidation (EWC), TR2 can integrate the promotional context
without overwriting the knowledge crucial for standard inventory management. This enables
the MySTOCKS system to adapt to different operational scenarios—such as regular and high-
demand periods during promotions—while minimizing catastrophic forgetting. Ultimately,
this approach supports a continuous learning framework that allows the model to handle
diverse and evolving inventory forecasting tasks with high precision and reliability.
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3.5. Data Management and GDPR Compliance

Data inputs to the MySTOCKS pipeline are centralized in a relational database that sys-
tematically compiles all relevant product records. Each product record contains structured
data fields (e.g., product ID, sales quantities, promotion flags, and pricing), facilitating
comprehensive data preprocessing and integration into the forecasting models. Time-series
tensors, derived from this database, provide structured input to TR1 and TR2, allowing
them to consistently interpret and leverage the retail data for accurate predictions. The
system adheres to GDPR standards, ensuring that all data-processing, storage, and han-
dling procedures are performed in compliance with personal data protection regulations,
including specific provisions for sensitive data handling.

To ensure compliance, MySTOCKS processes only aggregated inventory and sales
data, explicitly excluding personally identifiable information (PII). Security measures
such as encryption, access controls, and audit logging are implemented to protect stored
information, aligning with GDPR principles of data minimization and lawful processing.

4. Results

The MySTOCKS system, with its dual transformer architecture (TR1 and TR2), demon-
strated substantial accuracy and robustness across both standard and promotional fore-
casting scenarios. Each transformer was evaluated on its ability to minimize Out-of-Stock
(O0S) and Surplus-of-Stock (SOS) events while adapting to complex retail dynamics.

4.1. Dataset Description

The dataset used to train and evaluate the MySTOCKS system comprises a comprehen-
sive collection of retail inventory data from multiple commercial products, covering both
standard and promotional sales periods. This dataset includes detailed spatiotemporal
records for each product, gathered from a central relational database. Each record in the
dataset contains fields such as product code, movement date, initial and final inventory
levels, quantities purchased, returned, and sold (both with and without promotions), sales
price, product category, and promotional flags. Additionally, time-specific information
such as days until the start and end of promotional events is included to capture the full
lifecycle of inventory management during promotions.

For standard inventory forecasting (TR1), the dataset captures daily product move-
ments over a 15-day window, providing a sequence of historical stock and sales data.
For promotional forecasting (TR2), the dataset includes a 25-day historical depth with
detailed promotional activity, enabling extended forecasting up to 45 days in advance.
This high-dimensional dataset allows the MySTOCKS system to learn complex patterns of
product demand and inventory fluctuations, supporting precise, context-aware forecasting
in both regular and promotional retail settings. The dataset was split into 70% training,
15% validation, and 15% test sets to ensure robust evaluation. Additionally, a K-fold cross-
validation approach with 3 folds was employed to further assess model generalization and
prevent overfitting.

4.2. Results for TR1 (Standard Inventory Forecasting)

The TR1 module, responsible for forecasting the ending inventory under regular
conditions, achieved high accuracy levels. When evaluated on a test set with an average
prediction horizon of 5 days, TR1 reached an accuracy of approximately 92%, with sensi-
tivity and specificity around 91%. These performance metrics indicate that TR1 reliably
predicts future stock levels, minimizing both OOS and SOS in standard inventory condi-
tions. We have compared our proposed solution with different other architectures used to
forecast the ending inventory, i.e., the temporal convolutional network (TCN) [22], the fully
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connected architectures (FCNs) [23], and the LSTM-based architectures [24]. As reported
in Table 1, the performance in terms of accuracy, specificity, and sensitivity confirmed the
effectiveness of the proposed system, as our behavior shows significant advantages with
respect to the compared architectures.

Table 1. TR1 performance—compared benchmarks.

Architectures Accuracy Sensitivity Specificity
Ours 92.15% 91.00% 93.00%
TCN 90.00% 88.00% 92.00%
LSTM 89.33% 88.00 % 90.50%
FCN 90.87% 90.00% 91.70%

Table 1 presents the performance of our TR1 architecture in comparison with bench-
mark models—TCN (temporal convolutional network), LSTM (long short-term memory),
and FCN (fully convolutional network)—across the accuracy, sensitivity, and specificity
metrics. Our model outperforms the benchmarks, achieving the highest accuracy at 92.15%,
indicating exceptional performance in predicting inventory requirements. With a sensitivity
of 91.00%, our model is highly effective in identifying true Out-of-Stock (OOS) events, while
its specificity of 93.00% demonstrates a strong capability to correctly identify non-OOS
situations, thereby minimizing Surplus-of-Stock (SOS) alerts. The TCN model, while strong,
trails slightly behind with an accuracy of 90.00%, a sensitivity of 88.00%, and a specificity
of 92.00%, showing a reliable performance, but one less balanced than our model. The
LSTM architecture scores an accuracy of 89.33%, with sensitivity at 88.00% and specificity
at 90.50%, indicating a lower effectiveness in OOS detection and overall accuracy. The
FCN model achieves an accuracy of 90.87%, with sensitivity at 90.00% and specificity at
91.70%, closely approaching our model’s performance but falling short in both accuracy
and specificity. In summary, our TR1 model demonstrates superior accuracy, sensitivity,
and specificity compared to benchmark models, making it the most effective and balanced
choice for inventory forecasting in both standard and promotional scenarios.

4.3. Results for TR2 (Promotional Inventory Forecasting)

The TR2 module was evaluated for promotional scenarios, with a forecasting horizon
of approximately 45 days—an interval covering the entire duration of promotional events
as typically planned in retail environments. TR2 achieved an accuracy of around 89% in
the test set, with sensitivity and specificity both reaching 88% and 90%, respectively. This
indicates that TR2 accurately forecasts the ending inventory at the close of promotional
periods, supporting optimal stock management by classifying whether stock will exceed a
tolerance threshold (20% of the order quantity). In Table 2, the performance comparison
is reported.

Table 2. TR2 performance—compared benchmarks.

Architectures Accuracy Sensitivity Specificity
Ours 89.00% 88.00% 90.00%
TCN 87.50% 86.00% 89.00%
LSTM 85.50% 84.00% 87.00%

FCN 88.00% 87.00% 89.00%
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TR2’s fusion transformer architecture, incorporating temporal convolutional networks
(TCNs) pre-trained on TR1’s weights, enhances the predictive capacity for promotional
scenarios. The embedded Elastic Weight Consolidation (EWC) technique mitigates catas-
trophic forgetting, enabling TR2 to integrate promotional sales dynamics without overwrit-
ing knowledge retained from TR1. Table 2 presents a comparative analysis of different
architectures—our proposed model, TCN (temporal convolutional network), LSTM (long
short-term memory), and FCN (fully convolutional network)—across three performance
metrics: accuracy, sensitivity, and specificity. Our model achieves the highest accuracy at
89.00%, indicating a balanced and robust performance in inventory forecasting. It also
exhibits a sensitivity of 88.00%, suggesting an effective capacity to correctly identify true
Out-of-Stock (OOS) events, and a specificity of 90.00%, reflecting a strong ability to accu-
rately recognize non-OOS cases and minimize surplus alerts (SOS). In comparison, the
TCN architecture shows an accuracy of 87.50%, with a sensitivity of 86.00% and a specificity
of 89.00%, indicating slightly lower effectiveness than our model in both OOS detection
and general accuracy. The LSTM model performs comparatively lower, with an accuracy
of 85.50%, sensitivity of 84.00%, and specificity of 87.00%, showing reduced performance
across all metrics. Lastly, the FCN achieves an accuracy of 88.00%, sensitivity of 87.00%, and
specificity of 89.00%, closely following our model but still falling short in overall accuracy
and sensitivity. Overall, our architecture demonstrates superior accuracy and specificity,
making it the most reliable choice among the evaluated models for a balanced detection of
both OOS and SOS scenarios in dynamic inventory management.

4.4. Impact of Elastic Weight Consolidation (EWC)

The EWC technique embedded in both TR1 and TR2 plays a critical role in ensuring
continual learning and adaptability within the MySTOCKS system. By preserving essential
parameter knowledge from prior tasks, EWC enables the system to dynamically respond
to statistical shifts in the data while maintaining high accuracy, sensitivity, and specificity
in both normal and promotional inventory management. Performance tests demonstrate
that with EWC, TR1, and TR2 achieve accuracy up to 93.8% when handling challenging
scenarios involving high variability and extended forecasting windows. The MySTOCKS
system thus showcases a robust, adaptive forecasting capability, maintaining consistent
performance in complex, real-world retail settings. This dual-transformer architecture,
underpinned by EWC, presents a significant advancement in inventory forecasting, capable
of reducing OOS and SOS events across diverse retail operational scenarios.

5. Conclusions

In conclusion, our proposed TR1 and TR2 architectures within the MySTOCKS system
demonstrate clear advantages over existing architectures such as TCN, LSTM, and FCN, es-
pecially in the realm of retail inventory forecasting. The performances achieved underscore
the effectiveness of our approach in both standard and promotional inventory scenarios.
These performances reflect a system capable of robustly predicting both Out-of-Stock (OOS)
and Surplus-of-Stock (SOS) events, significantly reducing the financial, environmental,
and logistical costs associated with poor stock management. A central strength of our
architecture lies in its use of transformer-based models enhanced with Elastic Weight
Consolidation (EWC). EWC mitigates the catastrophic forgetting problem commonly en-
countered in deep learning models when faced with data distribution shifts over time. By
preserving critical parameters across tasks, EWC ensures that our model retains the predic-
tive accuracy necessary for regular operations even as it adapts to high-variance periods,
such as promotions. This continual learning framework gives the MySTOCKS system a
distinct edge over traditional TCN, LSTM, and FCN architectures, which, while effective
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in specific contexts, lack the same resilience to dynamic, high-stakes retail environments.
Our model’s fusion of self-attention mechanisms and temporal convolutional layers further
enhances its temporal modeling capabilities, providing superior adaptability and precision
in inventory predictions. Ultimately, the MySTOCKS system represents a significant ad-
vancement in inventory forecasting, combining state-of-the-art transformer techniques with
continual learning to outperform legacy architectures. Its robust, adaptable design and
potential for future integration with generative models make it well-suited for the complex
demands of modern retail, offering a substantial step forward in sustainable, responsive
inventory management.

The MySTOCKS system’s performance metrics further reinforce its advantages over
traditional architectures, as highlighted by the comparative analysis of accuracy, sensitivity,
and specificity across TR1, TCN, LSTM, and FCN. Our TR1 model’s accuracy of 92.15%
distinctly surpasses TCN’s 90.00%, LSTM's 89.33%, and FCN’s 90.87%, demonstrating its
superior predictive precision. This high accuracy allows TR1 to make reliable stock-level
forecasts, directly translating into more accurate ordering strategies and minimizing both
the costs associated with understocking (lost sales due to OOS) and overstocking (potential
waste and storage costs from SOS). In terms of sensitivity, TR1 achieves 91.00%, high-
lighting its proficiency in correctly identifying true OOS situations—a critical capability
for reducing stockouts that directly affect customer satisfaction and sales continuity. In
comparison, TCN and LSTM lag slightly behind with sensitivities of 88.00% and 84.00%,
respectively, while FCN achieves 90.00%. This indicates that TR1 is not only accurate
but also responsive to low-stock scenarios, providing a competitive advantage by sup-
porting more proactive restocking measures. Specificity is another key strength of TR1,
with a score of 93.00% compared to TCN’s 92.00%, LSTM’s 90.50%, and FCN’s 91.70%.
This high specificity enables the model to reliably identify and confirm adequate stock
levels, reducing false alarms for surplus scenarios. This capability is especially valu-
able in retail, where excessive alerts for overstock can lead to conservative ordering and
wasted storage resources. TR1’s ability to differentiate between true surplus and standard
stock levels optimizes stock management decisions, reducing waste and enhancing overall
operational efficiency.

As remarked, the inclusion of Elastic Weight Consolidation (EWC) in both TR1 and
TR2 plays an instrumental role in achieving these metrics. By preserving parameter weights
critical to earlier tasks, EWC helps our model avoid catastrophic forgetting, ensuring that
the system retains high performance and knowledge across standard and promotional
conditions. This continual learning approach allows MySTOCKS to seamlessly adapt to the
inherent variability of retail environments, where demand shifts and promotional impacts
can introduce significant data drift. EWC thus offers a key advantage over TCN, LSTM,
and FCN models, which generally lack mechanisms for managing continual learning and
adapting to shifting data distributions without retraining.

Looking forward, integrating Large Language Models (LLMs) and generative ap-
proaches into MySTOCKS could enhance its predictive and adaptive capacity even further.
LLMs could be utilized to generate realistic synthetic data that mirror seasonality, regional
consumer behavior, or promotional effects, enriching the training data and further im-
proving model robustness. Additionally, generative models could simulate hypothetical
scenarios, such as sudden demand spikes or supply chain disruptions, allowing MyS-
TOCKS to proactively adjust to future trends or unexpected changes in purchasing patterns.
In summary, the MySTOCKS system, driven by its transformer-based architecture with
EWC and further strengthened by outstanding performance metrics, outperforms conven-
tional models in accuracy, sensitivity, and specificity. Its adaptable, forward-looking design
lays the groundwork for next-generation inventory management that can proactively re-
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spond to market dynamics, ensuring sustainable and profitable stock control well beyond
current capabilities.

6. Patents

C. Giaconia; A. Chamas, MySTOCKS: Multi-modal yield eSTimation System of in-
prOmotion Commercial Key-ProductS. IT Patent Nr. 102023000016080, 31 July 2023.
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