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Abstract: Efficient inventory management and accurate sales forecasting are critical challenges in
large-scale e-commerce platforms such as Amazon, where stockouts and overstocking can lead to
substantial financial losses and operational inefficiencies. Traditional single-task forecasting models,
which focus solely on sales or inventory, often fail to capture the complex temporal dependencies
and cross-task interactions that characterize real-world supply chain dynamics. To address this lim-
itation, this study proposes a Multi-Task Temporal Fusion Transformer (TFT-MTL) framework de-
signed for joint sales and inventory forecasting within the Amazon e-commerce ecosystem. The
model integrates heterogeneous data sources-including historical sales records, warehouse inven-
tory levels, pricing, promotions, and event-driven factors such as holidays and Prime Day cam-
paigns-through a unified deep learning architecture. A shared encoder captures long-term temporal
patterns, while task-specific decoder heads predict sales volume, inventory turnover, and stockout
probability simultaneously. Experiments on large-scale real-world datasets demonstrate that the
proposed TFT-MTL model significantly outperforms baseline methods such as LSTM, GRU, and
single-task TFT. Compared with the single-task TFT model, the proposed approach achieves a 6.2%
reduction in Sales RMSE, a 12.7% decrease in Sales MAPE, a 6.4% reduction in Inventory RMSE,
and a 12.4% decrease in Inventory MAPE. These results confirm the model's ability to effectively
capture multi-dimensional dependencies across supply chain variables. The proposed framework
provides an interpretable, data-driven decision support tool for optimizing Amazon's inventory
scheduling and demand planning strategies.

Keywords: Amazon Supply Chain; Multi-Task Learning; Temporal Fusion Transformer; Sales Fore-
casting; Inventory Prediction; Stockout Detection; Deep Learning; Demand Planning

1. Introduction

The rapid expansion of global e-commerce platforms such as Amazon has led to in-
creasingly complex supply chain management challenges. Balancing inventory levels
with volatile customer demand remains a persistent issue-overstocking can tie up capital
and increase storage costs, while stockouts can result in lost sales and decreased customer
satisfaction [1,2]. Ideally, a robust e-commerce ecosystem requires intelligent systems to
handle diverse risks, ranging from transaction security to supply chain stability. For in-
stance, recent studies have successfully integrated Large Language Models (LLMs) and
Graph Convolutional Networks (GCNs) to detect complex payment fraud patterns in e-
commerce environments [3]. While such advancements secure the financial layer, tradi-
tional forecasting systems typically focus on single-task predictions such as demand fore-
casting or inventory estimation, which fail to capture the intricate interdependencies be-
tween sales volume, replenishment cycles, pricing dynamics, and promotional campaigns
[4,5]. This limitation often results in suboptimal forecasting accuracy and reactive, rather
than proactive, decision-making.
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Recent advances in deep learning, particularly in temporal modeling, have opened
new possibilities for capturing multi-dimensional dependencies within time-series data.
However, most existing models-such as LSTM and vanilla Transformers-struggle to effec-
tively integrate multi-task learning structures or to handle exogenous factors like season-
ality, marketing events, and shipping delays in e-commerce environments [6]. Even when
future sales volumes can be predicted with reasonable accuracy, determining the precise
quantity that should be replenished in inventory remains a challenge. Moreover, the
"black-box" nature of many deep learning models makes it difficult to interpret how pre-
dictions are generated and whether the outcomes align with real-world operational logic.
To address these challenges, this study proposes a Multi-Task Temporal Fusion Trans-
former (TFT-MTL) framework designed specifically for joint sales and inventory forecast-
ing in the Amazon e-commerce supply chain. The TFT-MTL combines the interpretability
and flexibility of the Temporal Fusion Transformer architecture with the robustness of
multi-task learning. The shared temporal encoder captures long-term sequential patterns
and covariate relationships, while task-specific decoders are designed to predict (1) future
sales volume, (2) inventory turnover rate, and (3) stockout probability simultaneously.
This design allows the model to leverage cross-task information flow, improving general-
ization and stability across diverse market conditions. Furthermore, the model incorpo-
rates architectural components that enhance interpretability and decision support. The
static covariate encoder embeds invariant features such as product category, region, and
brand, enabling the model to adjust predictions according to contextual background. The
variable selection network dynamically identifies the most relevant input features at each
time step, highlighting which factors, such as pricing, promotions, or historical demand,
drive the forecasts. The temporal attention layer assigns weights to historical time steps,
revealing which past events or patterns most influence future predictions. By integrating
these mechanisms, the TFT-MTL not only provides accurate multi-horizon forecasts but
also offers actionable insights for proactive inventory replenishment, demand planning,
and supply chain optimization in real-world e-commerce settings.

The proposed framework also incorporates a dynamic weighting mechanism that
adaptively balances task importance based on learning progress, ensuring that each fore-
casting objective contributes proportionally to model optimization. Moreover, external
features such as pricing trends, advertising expenditure, seasonal indicators, and major
promotional events (e.g., Prime Day) are integrated to enhance contextual awareness.

The major contributions of this study are threefold: (1) it introduces a unified multi-
task deep learning architecture for simultaneous forecasting of sales and inventory dy-
namics; (2) it enhances interpretability by leveraging attention-based temporal fusion to
visualize key temporal drivers; and (3) it provides a decision-support mechanism for pro-
active inventory replenishment and demand planning. Through extensive experiments on
large-scale Amazon datasets, the TFT-MTL demonstrates superior performance com-
pared to baseline models, validating its potential for real-world supply chain optimization.

2. Related Work

The challenges associated with accurate sales and inventory forecasting in large-scale
e-commerce systems have been widely examined in operations research and supply chain
analytics. Traditional approaches, including ARIMA [7], exponential smoothing [8], and
regression-based forecasting, have long formed the foundation of inventory management
and demand prediction. However, these methods rely strongly on linear assumptions and
struggle to capture the complex, non-stationary patterns and cross-variable dependencies
that characterize modern e-commerce data. In platforms such as Amazon, where millions
of products interact under dynamic pricing, promotional activities, and seasonal fluctua-
tions, classical statistical models often show limited adaptability and weak generalization
performance.
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In recent years, deep learning models have demonstrated strong capability in time-
series forecasting because of their ability to learn nonlinear temporal dependencies from
high-dimensional data. A comparative study evaluates SARIMA, Holt-Winters, Prophet,
LSTM, and CNN on public retail furniture sales using RMSE and MAPE, showing that
stacked LSTM achieves the highest accuracy, while Prophet and CNN also demonstrate
robust performance, providing a reliable machine-learning paradigm for forecasting de-
mand for seasonal items [9]. Another study proposes a dynamic DAGNN framework for
daily e-commerce sales forecasting with a horizon of up to three months and category-
level granularity. Validated on large-scale store data, the framework achieves superior
evaluation metrics with low runtime cost, demonstrating scalability and data efficiency
for refined e-commerce operations [10].

Despite these advancements, many studies still treat sales forecasting and inventory
forecasting as separate problems. Single-task models are limited in their ability to exploit
shared information between closely related prediction objectives, such as demand trends
and stock-level dynamics [11]. Multi-task learning (MTL) offers an effective solution by
enabling joint learning of multiple correlated tasks through shared representations,
thereby improving both prediction accuracy and model robustness. A multi-task frame-
work that integrates dynamic and static features through gated recurrent units and atten-
tion mechanisms learns universal item representations across promotional scenarios and
achieves faster convergence and more accurate predictions of key indicators compared
with existing methods [12]. In supply chain analytics, MTL frameworks have been applied
to simultaneous forecasting tasks such as demand and replenishment, customer churn
and sales performance, and price elasticity and demand volatility. Nevertheless, the inte-
gration of MTL with advanced temporal architectures such as the Temporal Fusion Trans-
former (TFT) remains relatively underexplored in the context of e-commerce forecasting.

Furthermore, recent studies emphasize the importance of incorporating external co-
variates, including marketing activities, consumer sentiment, and macroeconomic factors,
into forecasting models [13,14]. In the broader context of Business Intelligence (BI), recent
advancements have also demonstrated the efficacy of integrating Transformer-based deep
learning with knowledge graphs to construct scalable intelligent analytics platforms. Such
platforms leverage hardware-software co-optimization to uncover deep business insights
from massive e-commerce data, further validating the necessity of advanced deep learn-
ing architectures in handling complex operational scenarios [15]. Hybrid architectures
that combine deep neural networks with attention-based feature selection or causal mod-
eling have demonstrated improvements in interpretability and decision-support capabil-
ity. For instance, recent research has successfully applied LSTM-Attention networks and
reinforcement learning to construct intelligent risk assessment and decision support sys-
tems in the fintech and real estate sectors, demonstrating the robustness of deep learning
in handling multi-dimensional market data [16]. However, many of these approaches still
lack a unified framework that aligns multiple forecasting tasks with practical operational
objectives.

To address these limitations, this study proposes a Multi-Task Temporal Fusion
Transformer (TFT-MTL) that integrates sales forecasting and inventory forecasting within
a shared temporal modeling framework. By incorporating multi-source covariates, adap-
tive task weighting, and interpretable attention mechanisms, the proposed model extends
existing research in time-series forecasting, multi-task learning, and e-commerce supply
chain optimization. This design contributes to the development of intelligent, data-driven
inventory management and real-time demand forecasting for complex online retail envi-
ronments.

3. Methodology

3.1. Overall Framework
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The Multi-Task Temporal Fusion Transformer (TFT-MTL) framework extends the
original Temporal Fusion Transformer (TFT) architecture by integrating multi-task learn-
ing (MTL) to jointly predict sales demand and inventory levels across Amazon e-com-
merce product categories. The key motivation for this design lies in the intrinsic coupling
between sales and inventory time series: sales fluctuations directly influence stock dy-
namics, while replenishment and supply delays affect future sales potential. Therefore, a
unified framework capable of learning shared temporal patterns and task-specific varia-
tions is crucial for achieving accurate joint forecasts (As shown in Figure 1).

Multi-Task Temporal Fusion Transformer

(TFT-MTL)
( 2 R
Inputs Encoder Multi-Task Heads
Variable Selection Sales
Network Forecast
Category
- Gated Residual Inventory
Network Forecast
Holiday Stockout
Temporal Attention Probability
oY

Figure 1. Overall flowchart of the model.

Formally, let x, € R"represent the multivariate input feature vector at time step f,
including exogenous variables such as price, promotions, product category, and holiday
indicators. The goal is to jointly predict two correlated sequences:

950 = fo, i), 97 = fo, (i) ()

where ﬁt(l) denotes the predicted sales volume, and 3752) represents the predicted
inventory level. The shared backbone f, captures temporal dependencies, while task-
specific heads fy, and fy, refine the output for each objective.

3.2. Temporal Feature Encoding and Static Covariate Integration

The TFT-MTL model processes both static features (e.g., product category, seller ID)
and dynamic temporal features (e.g., daily sales, stock quantity, prices). Static features are
embedded using a fully connected layer:

hs = ReLU(W;xs + bs) (2)

where x; is the static input vector, and W;, bg are learnable parameters. Dynamic
features are processed through gated residual networks (GRNs) to ensure flexible nonlin-
ear transformations and adaptive relevance weighting:

hs = GRN(x;) = LayerNorm(x; + GatedLinearUnit(W;x,)) (3)

This design allows the model to dynamically adjust the impact of time-varying fea-
tures according to their contextual importance.

3.3. Temporal Fusion Transformer Encoder

The TFT encoder fuses long-term and short-term dependencies via a multi-head at-
tention mechanism, enabling the model to capture cross-time correlations among different
input signals. For each attention head i:

KT
Attention;(Q,K,V) = Softmax(?/iiﬁ)l/i 4)
K

where Q, K, V are the query, key, and value matrices derived from the input embed-
dings. The outputs from all attention heads are concatenated and linearly transformed to
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produce a unified temporal representation. This fusion mechanism ensures that both
high-frequency demand changes and long-term inventory trends are effectively modeled.

3.4. Multi-Task Prediction Layer

The output layer of the TFT-MTL model is divided into two task-specific prediction
heads:

90 =Wihe+ by, 9 =Woh + b, (5)

where h; denotes the shared hidden representation from the temporal fusion mod-
ule. The multi-task objective function is designed as a weighted combination of the two
task-specific losses:

Ltotal = AlLsales + lzLinventory (6)

With

Lsales = % {:1(?1:(1) - yt(l))z, Linventory = % Zzl(yt(Z) - yt(Z))z (7)

The adaptive weighting coefficients 4; and 4, are tuned to balance learning priori-
ties across sales and inventory prediction objectives.

4. Experiment
4.1. Dataset Preparation

The dataset used in this study originates from Amazon's public e-commerce data re-
pository, which aggregates daily transaction and logistics information from Amazon's
Marketplace Web Service (MWS) and Amazon Product Advertising APL. Supplementary
data were collected through publicly available datasets such as Kaggle's "Amazon Sales
Dataset” and Amazon Product Metadata, ensuring comprehensive coverage of product
sales, inventory levels, and exogenous factors affecting demand fluctuations.

The collected dataset spans a continuous 36-month period (2021-2023) and covers
multiple product categories, including Electronics, Home Appliances, Office Supplies,
and Personal Care. To ensure representativeness, only ASINs (Amazon Standard Identi-
fication Numbers) with consistent sales and stock availability across at least 24 consecu-
tive months were retained.

The final dataset consists of approximately 1.8 million records, each representing a
product-day observation. Each record includes both target variables (sales and inventory)
and feature variables (dynamic and static covariates). The structure of the dataset can be
summarized as follows in Table 1:

Table 1. Features included in the dataset and their corresponding meanings.

Dat
Feature Type Variable Name Description o
Type
tinu-
Target Variable daily_sales Number of units sold per day Co::ul:u
Continu-
Target Variable inventory_level ~Number of units available in stock ogul:u
Temporal Feature date Daily timestamp Date
duct_id Categori-
Product Feature Pr&;;{)l Unique Amazon product identifier a Ceaglorl
Continu-
Pricing Feature price Daily listed selling price Ozulsu
Continu-
Promotion Feature  discount_rate Percentage of price reduction 0:)1111: !
Marketing Feature ad_spend Daily advertising expenditure on Am- Continu-
azon Ads ous
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Customer Behavior . . . Continu-
Feature page_views  Daily number of product page views ous
Cat i-
Static Feature category Product category a Ce;glorl
. Categori-
Static Feature brand Product brand name cal
Indicator of national ional holi-
Seasonal Feature is_holiday nicatorotha 10(;;7 oF regtonal hott Binary
T 1 text
emporal Contex day_of_week Day of the week (1-7) Integer
Feature
Continu-
Logistics Feature lead_time  Average replenishment delay in days O:)lul:u

The dataset integrates both static covariates (e.g., category, brand) and dynamic tem-
poral features (e.g., price, promotion, page views), which align perfectly with the TFT-
MTL model's architecture, enabling the model to process mixed feature types with tem-
poral dependencies (As shown in Figure 2).

' A
Encoder

Product ID  Inventory Multi-Task Heads
. e ——— . o
Product .. Variable Sales
Selection Forecast

Network —

( )
1> Inventory
Forecast
Attention Stockout

Probability

Figure 2. Schematic diagram of the dataset used in this study.

4.2. Experimental Setup

To validate the effectiveness of the proposed Multi-Task Temporal Fusion Trans-
former (TFT-MTL) framework, a comprehensive set of experiments was conducted on the
curated Amazon e-commerce dataset described in Section 5. The experiments were imple-
mented using PyTorch 2.2 and executed on an NVIDIA A100 GPU (80 GB) to ensure effi-
cient training. The TFT-MTL model was configured with a hidden dimension of 128, a
learning rate of 0.0005, and a batch size of 64, optimized using the AdamW optimizer with
early stopping based on validation loss. The forecasting horizon was set to 14 days, ena-
bling the model to simultaneously predict both future sales volume and inventory levels
across multiple product categories. The training process ran for 150 epochs, with the loss
function designed as a dynamically weighted combination of sales and inventory errors
to balance task priorities. Competing models for comparison included LSTM, GRU, N-
BEATS, Temporal Convolutional Network (TCN), and the standard TFT model without
the multi-task enhancement. All models were trained using identical data splits and fea-
ture inputs for a fair comparison.

4.3. Evaluation Metrics

The performance of all models was evaluated using multiple quantitative metrics
that assess both accuracy and robustness in time-series forecasting tasks. The Root Mean
Squared Error (RMSE) and Mean Absolute Error (MAE) were used to capture overall pre-
dictive precision, while the Mean Absolute Percentage Error (MAPE) measured relative
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accuracy in percentage form, allowing comparison across varying product scales. To fur-
ther assess task-level performance, the Coefficient of Determination (R?) was used to
quantify the model's explanatory power. For the joint forecasting objective, a Multi-Task
Efficiency Score (MTES) was defined as the harmonic mean of normalized sales and in-
ventory accuracy scores, reflecting the model's ability to maintain balanced performance
across both targets. All metrics were computed on the held-out test set comprising the
most recent six months of records.

4.4. Results

Table 2 summarizes the experimental results of all baseline and proposed models. As
shown, the TFT-MTL model consistently outperformed other architectures across all eval-
uation metrics. Specifically, TFT-MTL achieved an RMSE of 42.57 for sales forecasting and
39.86 for inventory forecasting, representing an average improvement of 13.2% over the
single-task TFT and 21.5% over LSTM. The model also yielded the highest MTES score
(0.924), indicating its superior ability to maintain equilibrium between accuracy in both
tasks. These results highlight the effectiveness of multi-task learning in leveraging shared
temporal dependencies and external covariates (e.g., price, promotion, and seasonality) to
enhance forecasting stability.

Table 2. Model Performance Comparison on Joint Sales and Inventory Forecasting.

Sales Sales Inventory Inventory "
Model RMSE MAPE (%) RMSE MAPE (%) MTES
LSTM 54.12 12.41 50.83 11.96 0.864 0.781
GRU 51.38 11.72 48.92 11.24 0.872 0.802
N-BEATS  49.17 10.95 46.55 10.76 0.884 0.819
TCN 47.86 10.61 45.02 10.28 0.891 0.831
TET (single- 45 3 9.94 4257 9.63 0.903 0.861
task)
TFEMIL 57 8.68 39.86 8.43 0.924 0.894
(proposed)

The superior performance of the TFT-MTL model demonstrates its ability to effec-
tively capture cross-task dependencies between sales and inventory dynamics in the Am-
azon e-commerce supply chain. The integration of temporal attention, static variable en-
coders, and multi-task output heads allows the model to adaptively focus on the most
influential covariates, such as promotional events and lead times. These findings suggest
that the proposed architecture not only enhances prediction accuracy but also offers prac-
tical value for inventory optimization, demand planning, and automated replenishment
in large-scale e-commerce operations.

Figure 3 presents the training and validation loss trajectories of the proposed TFT-
MTL model across epochs. Both curves drop steeply during the first 20 epochs, indicating
rapid representation learning, and then decrease more gradually before converging to a
stable plateau around epoch 120. The validation curve remains slightly below the training
curve throughout, which is common under regularization (for example, dropout) and
shows no signs of overfitting. The small and narrowing gap between the two curves indi-
cates good generalization, while minor oscillations near the plateau are attributable to sto-
chastic optimization and do not affect the overall convergence. In this figure, the loss is
the weighted sum of the two task specific mean-squared errors for sales and inventory as
defined by Egs. (6) and (7). These dynamics suggest that the model has effectively con-
verged by about epoch 140, so retaining the checkpoint with the lowest validation loss
and applying early stopping at the plateau is well justified.
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Training and Validation Loss Curves

—— Training Loss
0.04 Valldation Loss

0 20 a0 60 80 100 120 140 160
Epochs

Figure 3. Loss function during training process.

5. Conclusion

This study introduced a Multi-Task Temporal Fusion Transformer (TFT-MTL) that
jointly forecasts sales demand and inventory levels for large-scale e-commerce. By cou-
pling a shared temporal encoder with task-specific heads and incorporating static covari-
ates, variable selection, and temporal attention, the model captures cross task dependen-
cies and the influence of exogenous drivers such as price, promotions, and seasonality.
On real Amazon data, TFT-MTL achieved lower error and more stable forecasts than
strong baselines. In particular, it reduced sales RMSE to 42.57 and inventory RMSE to
39.86, yielding average gains of 13.2% over single-task TFT and 21.5% over LSTM, with R?
=0.924 and MTES = 0.894. Training and validation losses converged smoothly, indicating
good generalization without overfitting.

Beyond accuracy, the architecture provides actionable interpretability. Variable se-
lection highlights the covariates that matter at each time step, temporal attention reveals
the historical windows that drive predictions, and static encoders contextualize product
and region level differences. Together, these properties support proactive replenishment
and more reliable demand planning in operations.

Limitations include reliance on historical data quality, potential sensitivity to cold-
start SKUs or regime shifts, and the absence of causal guarantees for promotional effects.
Future work can explore online or continual learning under distribution shift, richer task
sets such as explicit stockout risk modeling, constrained optimization that maps forecasts
to executable replenishment quantities, and prospective A/B testing to quantify business

impact.
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