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Abstract 

Generative modeling within supply chain management reveals significant potential for enhancing operational 
efficiency, adaptability, and resilience. Leveraging advanced AI-driven methods such as Generative Adversarial 
Networks (GANs), Variational Autoencoders (VAEs), and autoregressive models, this paper investigates their role in 
transforming demand forecasting, inventory management, logistics optimization, and risk mitigation. By simulating 
complex scenarios and capturing dynamic data relationships, these models enable organizations to predict disruptions, 
optimize inventory levels, and streamline logistics, reducing operational costs and improving responsiveness. This 
study systematically examines the capabilities of generative models in addressing inefficiencies in traditional supply 
chains. It demonstrates how GANs mitigate stockout risks by improving demand predictions, VAEs enhance supply 
chain transparency through latent variable modeling, and autoregressive models forecast time-series data to refine 
inventory and production planning. Additionally, generative approaches integrate real-time data to dynamically 
optimize routing and decision-making under uncertainty. Despite their transformative potential, the paper identifies 
persistent barriers, including data quality issues, interpretability challenges, and integration complexities. To 
overcome these, it proposes leveraging federated generative models for secure, decentralized collaboration and 
embedding sustainability metrics into generative frameworks for eco-conscious supply chain management. This work 
underscores the necessity of integrating generative modeling as a core strategy to drive efficiency, agility, and 
resilience in modern supply chain systems. 

Keywords 
Supply Chain Management, Generative Modeling, Demand Forecasting, Inventory Management, AI-Driven Supply 
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1. Introduction
In recent years, the digital transformation within the supply chain has introduced large volumes of extensively 
interdependent data which has increased the complexity of supply chain ecosystem and made it more vulnerable to 
disruption (Ivanov & Dolgui  2021; Y. Wang 2023). Traditional management approaches often fail to understand the 
dynamic landscape , decision makers struggle to integrate and standardize interrelation of data across various channels 
resulting in lost revenue, higher costs, and decreased customer satisfaction (Petrescu & Krishen et al. 2020; Wood et 
al. 2013) Modern management necessitates the integration of Industry 4.0 technologies that enable them to simulate 
complex supply chain scenarios giving a shift from reactive to proactive management (Fatorachian & Kazemi 2021; 
J. Wang, Zhou, et al. 2023) However, key Industry 4.0 technologies like Artificial Intelligence (AI), Machine Learning 
(ML), Big Data, Internet of Things (IoT), Cyber-Physical Systems (CPS), and Digital Twins are still uncommon in
many supply chain sectors, creating a gap between outdated supply chain management practices and modernized
manufacturing processes (Ghani et al. 2024; Raut et al. 2020; Varriale et al. 2021).
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Generative model leverages advanced ML techniques to improve various drives of supply chain such as, fast souring 
demand forecasting, logistics optimization, resilience planning, and inventory management (Oliveira & Pereira, 2023; 
Pasupuleti et al.  2024; Yandrapalli 2023) Capturing historical data, generative ai produce realistic alternative 
scenarios allowing companies to test disruptions and evaluate alternative strategies in a virtual environment 
(Finkenstadt et al. 2023; Sohrabi et al. 2018) These models act as statistical tools, learning the joint probability 
distribution of data across demand, supply, and logistics variables, enabling highly accurate simulations that mirror 
real-world conditions (Amellal et al. 2024). Integrating AI into supply chain enhances capability to boost operational 
efficiency, enhance strategic decision-making, and improve risk management by facilitating scenario-based 
simulations that account for uncertainties like market shifts and supply bottlenecks (Abaku et al. 2024; Joel et al. 2024; 
Kulkarni & Bansal 2024). 
 
Understanding the need for generative models in supply chain management, this study offers a comprehensive review 
of how advanced generative modeling techniques can transform all drives of supply chain, from demand forecasting 
and logistics optimization to resilience planning, inventory management, and risk mitigation (Anaba et al., 2024; 
Rajagopal et al., 2017) 
 
The scope of this study encompasses: 
• Defining supply chain management and its key components, with a focus on demand forecasting, inventory, 

logistics, and risk management. 
• Outlining the fundamentals of generative modeling techniques and recent advancements relevant to supply chain 

management. 
• Exploring the applications of generative modeling across various aspects of supply chain management. 
• Examining industry-specific applications of generative modeling in supply chain management. 
• Discussing the advantages and challenges of implementing generative modeling in supply chain contexts. 
• Identifying future trends and research opportunities for generative models in supply chains. 

 
By synthesizing both theoretical advancements and practical implementations of generative models in supply chain 
management, this review highlights the transformative potential of generative modeling for advancing modern supply 
chains. 
 
2. Overview of Supply Chain Management and Optimization 
Supply chain management plays a crucial role in improving competitiveness by managing cross-functional flow of 
materials, information, and finances from raw materials to end consumers (Chandra & Kumar 2000; Maksud et al., 
2022; Raisinghani et al. 2009). In today’s global competitive environment, traditional supply chain management faces 
numerous challenges (Figure 1) such as meeting uncertain demand variabilities while keeping the cost minimum 
(Manuj & Mentzer 2008) Risk of supply chain disruptions due to natural disasters and geopolitical instability is another 
key challenge of traditional supply chain management (Kumar J et al. 2024) Globalization has intensified these 
challenges, requiring companies to establish close relationships with suppliers and improve coordination of material 
flows to enhance competitiveness and supply chain resilience (Milovanović et al. 2017). Rising sustainability concerns 
have created another challenge in to force balance between responsibility and profit (Eyo-Udo et al. 2024). The 
complexity of global supply chains emphasizes the necessity of comprehensive risk management strategies and 
mitigation plans (Manuj & Mentzer, 2008). So, modern supply chain management must address increasing customer 
expectations for on-time delivery, skillful use of new technologies, and growing emphasis on environmental concerns 
(Surmacz & Szopiński 2023). 
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Figure 1. Challenges in modern supply chain 
 

To address the increased complexities, smart supply chain has emerged as a prominent solution that incorporates 
advanced technologies to present opportunities for achieving cost reduction, enhancing efficiency 

 
Table 1. Key intelligent technologies in smart supply chain  

 
Technology Role in Supply Chain References 

Machine Learning 
(ML) 

Predicts demand patterns, optimizes inventory levels, 
analyzes big data and real time decision making, and 
mitigates risks 

(Aljohani, 2023; 
Odimarha et al., 2024; 
Pasupuleti et al., 2024; 
Raza et al., 2023) 

Artificial Intelligence 
(AI) 

Automates decision-making, enhances process optimization 
and adaptability to disruption, facilitates proactive measures, 
analyzes key performance indicators 

(Adesoga et al., 2024; Ali 
et al., 2024; Kumar et al., 
2024; Mahi, 2024; Vatin 
et al., 2024) 

Blockchain Ensures secure, tamper-proof transaction tracking, reduces 
the need for intermediaries and minimizes cost, enhances 
trust, transparency, automation, traceability,  

(Dutta et al., 2020; 
Ekwunife et al., 2024; 
Reddy V., 2019; Terzi et 
al., 2019) 
 

Internet of Things 
(IoT) 

Real-time asset monitoring and increases visibility, 
predictive maintenance, aids in proactive decision-making, 
improves quality control across storage conditions. 

(Atlam et al., 2018; Cao, 
2024; Yesodha et al., 
2023) 

Digital Twin Simulates physical supply chain elements for optimization, 
provide a framework for digital transformation journey, 
improve production flexibility and scheduling, 

(Bhandal et al., 2022; 
Freese & Ludwig, 2024; 
Freese Falk and Ludwig, 
2021; Lugaresi et al., 
2023; Maheshwari et al., 
2023) 

Cyber-Physical 
Systems (CPS) 

Integrates physical and computational elements for 
automation and enhances efficiency by reducing cost, 
increases flexibility and allowing for customized responses 
to varying demands and conditions 

(Park et al., 2021; Suárez-
Riveros Erika and Mejia-
Mantilla, 2021; L. Wang 
& Zhang, 2021; L. Yin et 
al., 2024) 

, and promoting sustainable business practices by becoming more instrumented and interconnected (Ageeli et al. 2023; 
Frankowska & Nowicka et al. 2018; L. Wu et al. 2016). Table 1 highlights key intelligent technologies that play 
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pivotal roles in smart supply chain management, including machine learning, artificial intelligence, blockchain, IoT, 
digital twins, and cyber-physical systems.  
 
These technologies not only increase efficiency but also help businesses respond proactively to disruptions, improving 
supply chain resilience (Ghani et al. 2024). Figure 2 illustrates the specific impacts of these technologies across critical 
supply chain functions, demonstrating how they contribute to resilience and enable proactive responses to disruptions. 
 

 
 

Figure 2. Technologies influencing supply chains: sector-specific impacts across key supply chain functions 
 
3. Fundamentals of Generative Modeling 
Generative models are defined as the statistical models that generate new data instances that are commonly utilized in 
unsupervised ML for tasks like probability estimation, data point modeling, and classification (Chen et al. 2024). 
Generative models aim to comprehend the joint probability distribution of input data, enabling the generation of new 
data points that statistically resemble the training data (Anstine & Isayev 2023). The goal of generative models is to  
produce realistic material that closely resembles the actual data distribution, rendering it indistinguishable from 
genuine data (Hiriyannaiah et al. 2020). 
  
Deep generative models utilize deep neural networks offering greater flexibility and can handle more complex data 
distributions than traditional generative models (Taylor et al. 2022; Tschannen et al. 2018). Deep generative models 
enhance supply chain decision-making by modeling uncertainty, generating realistic demand and inventory scenarios 
from historical data, and improving forecasting, transparency, and efficiency in complex networks (Hosseinnia et al. 
2023; Tschannen et al. 2018; Zhao & You  2020). Deep generative models can be divided into likelihood-based and 
implicit generative models, which gained great success as potent tools for learning data distribution through 
unsupervised learning (Toshpulatov et al. 2021). The principal models in this field comprise Generative Adversarial 
Networks (GANs), Diffusion Models, Variational Autoencoders (VAEs), and Autoregressive Models. 
 
Generative Adversarial Networks (GANs): GANs, introduced by Goodfellow et al. (2014), are groundbreaking 
generative models consisting of two neural networks, a generator and a discriminator, that compete in a zero-sum 
game to produce realistic data samples (Dash et al. 2024; Oğuz & Ertuğrul, 2023; Remusati et al. 2024). GANs have 
been effectively utilized across multiple domains, especially for generating high-resolution images, and are regarded 
as one of the most successful generative models due to their capability to produce highly realistic outputs (Carreon et 
al. 2023; Goodfellow et al. 2020) GANs generate synthetic data for ML models, enhancing their resilience in supply 
chain management scenarios where real data is scarce or expensive (Remusati et al. 2024). Although GANs have 
achieved notable success, they pose unique challenges, such as mode collapse, where the generator yields limited 
output diversity (Kim et al. 2023). 
 
Diffusion Generative Model: Diffusion models, a type of generative model, refine data samples by iteratively adding 
and removing noise, and have become popular for their capacity to generate high-quality images and 3D models (Po 
et al. 2024) Diffusion models operate in a two-stage process: forward diffusion, where noise is progressively added to 
the data over multiple steps, and reverse diffusion, which aims to reconstruct the original data by learning to reverse 
the noise addition process step-by-step (Croitoru et al. 2023). Diffusion models can aid in scenario planning and risk 
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assessment by simulating various supply chain disruptions and their potential impacts, thereby supporting the 
development of more resilient supply chain strategies (Kassa et al. 2023). 
 
Variational Autoencoders (VAEs): VAEs are designed to learn latent representations of data, making them valuable 
for tasks involving data generation and manipulation, particularly when understanding the underlying structure of the 
data is essential (Geng et al. 2023). VAEs are fundamental for generating new samples from learned latent spaces, 
with advancements aimed at reducing reconstruction error and improving generative metrics such as the Fréchet 
Inception Distance (FID) (Nicodemou et al. 2023) VAEs can model complex supply chain networks and forecast 
potential disruptions by analyzing latent variables representing various supply chain components, thereby enhancing 
decision-making and risk management (Kassa et al. 2023). VAEs often encounter a trade-off between reconstruction 
accuracy and the quality of generated samples, potentially impacting their effectiveness in specific applications (Geng 
et al. 2023). 
 
Autoregressive Models: Autoregressive modeling is a ML technique for analyzing and forecasting time series data 
by expressing the current value of a variable as a function of its previous values (Kaur et al. 2023; Yin et al. 2023). 
Autoregressive models generate data by predicting each subsequent element in a sequence using prior elements, 
making them well-suited for time-series forecasting and sequential data analysis (Bond-Taylor et al.2022). These 
models are particularly effective in demand forecasting and inventory management, where accurate predictions of 
future demand are crucial for optimizing supply chain operations (Kassa et al. 2023). A key challenge in autoregressive 
modeling is maintaining model stability and addressing misspecifications, such as incorrect network connectivity, 
which can affect parameter estimation accuracy (Yin et al.2023). 
 
3.1 Recent Developments 
Generative models have significantly advanced supply chain management by enhancing demand forecasting, 
inventory management, entity recognition, cybersecurity, and process monitoring. The following table 2 highlights 
key developments and innovations in generative models within the supply chain context. 

 
Table 2. Advancements of generative modeling in supply chain management 

 
Area Key Developments References 

Demand Forecasting 
Enhancements 

attLSTM framework with attention mechanisms and bidirectional LSTM 
outperforms Seasonal Autoregressive Integrated Moving Average 
(SARIMA) in time series data forecasting, enhancing decision-making. 

(Cui et al., 
2024) 

Enhanced deep learning models emphasizing the historical data to 
optimize stock management and reduce overhead costs. 

(Praveenadevi 
et al., 2023) 

Entity Recognition and 
Knowledge Graphs 

A two-stage GAN model with binocular attention-based stacked 
BiLSTM with CNN (BACSBN) improves entity recognition in supply 
chains by constructing an event logic knowledge graph (ELKG). 
Enhances recognition accuracy even with limited annotations. 

(Deng et al., 
2023) 

Cybersecurity and 
Attack Prediction 

GANs and Deep Belief Networks (DBMs) optimized with Extreme 
Learning Machine (ELM) and Poor and Rich Optimization (PRO) 
algorithms effectively predict and classify cyber-attacks in SCM 
systems. 

(Chauhdary et 
al., 2023) 

VAE-Based Process 
Monitoring 

VAEs develop interpretable latent variable models for process 
monitoring, utilizing Taylor expansions and specific activation functions 
for enhanced fault impact capture.  

(Pan et al., 
2024) 

Log Parsing with VAEs VAEs with PVE methods parse unstructured logs into structured data, 
achieving an average accuracy of 0.878 in real-world datasets and 
improving data processing in SCM. 

(Yuan et al., 
2023) 

Real-Time Risk 
Mitigation 

Predictive analytics and ML models using time series analysis and 
anomaly detection to improve agility and risk management in supply 
chains. 

(Aljohani et al 
., 2023) 
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Area Key Developments References 

Inventory Management 
Optimization 

Deep reinforcement learning (DRL) applies near-optimal dynamic 
policies in real-time inventory management, outperforming traditional 
methods, especially in non-stationary demand environments. 

(Dehaybe et 
al., 2024) 

Backorder Prediction 
and Quantum 
Computing 

QAmplifyNet framework integrates quantum-inspired techniques with 
classical neural networks for high-accuracy backorder prediction on 
imbalanced datasets. 

(Jahin et al., 
2023) 

Model Predictive 
Control (MPC) for 
Supply Chain 
Optimization 

Deep learning-based MPC reduces online computation time and 
enhances operational efficiency in real-time supply chain decision-
making. 

(J. Wang, 
Swartz, et al., 
2023) 

 

 
 

Figure 3. Generative models in supply chain applications 
 
4. Applications of Generative Modeling in Supply Chain Optimization 
 
4.1 Demand Forecasting 
Generative modeling has found multiple applications in demand forecasting under various conditions, leveraging 
techniques such as GANs to effectively model uncertainty and complex data distributions, which provides 
optimization under demand uncertainty (Zhao & You  2020). Additionally, synthetic data generation using GANs has 
proven to enhance prediction accuracy, particularly in contexts like electric vehicle demand forecasting, where the 
accuracy of forecasts improves with synthetic data (Chatterjee & Byun  2023). At granular levels of customer sales 
forecasting, Recurrent Neural Networks (RNNs) and Transformers have enabled competitive performance with 
minimal data preprocessing (Vallés-Pérez et al. 2022). For time series demand forecasting, the attLSTM framework, 
which integrates attention mechanisms with bidirectional LSTM, has demonstrated superior performance and supports 
operational decisions within supply chains (Cui et al. 2024). The integration of LightGBM and PSO-LSTM models 
within big data analytics frameworks has led to improved inventory turnover and demand fulfillment rates (Tang, 
2024). A novel demand forecasting framework utilizing cross-series training and advanced ML models can overcome 
data limitations and improve forecast accuracy (Zhu et al. 2021). For accurate demand estimation, deep learning 
models are applied to enhance supply chain management processes, optimizing stock management and reducing costs 
(Praveenadevi et al. 2023). Supply chain forecasting benefits from combining biased regression with ML techniques, 
underscoring the importance of integrating diverse data sources to achieve improved forecasting outcomes (C.-H. 
Wang & Chen 2022). 
 
4.2 Inventory Management 
Generative modeling can be applied in inventory management to address diverse challenges, with literature 
mentioning its usage in directly suggesting replenishment amounts from input features. Deep learning models, 
particularly within an end-to-end framework, are noted for bypassing traditional predict-then-optimize approaches, 
leading to reduced holding and stockout costs (Qi et al. 2022). Another usage mentioned is in optimizing inventory 
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levels by determining production batches and shipping decisions, where Deep Reinforcement Learning (DRL) models 
significantly reduce costs in comparison to traditional methods (Stranieri et al. 2024). Model-based deep reinforcement 
learning, combining offline model learning with online planning, is particularly effective for managing inventories of 
new products with short life cycles, optimizing inventory levels and reducing lost opportunities and defective 
inventory (Demizu et al. 2023). Monte Carlo tree search (MCTS) techniques are another usage cited, excelling in cost 
reduction by optimizing order policies and inventory costs, and effectively eliminating the bullwhip effect (Preil & 
Krapp 2022). Furthermore, deep reinforcement learning models such as Soft Actor-Critic are documented for their 
role in balancing service levels and sell-through rates, contributing to a lower inventory-to-sales ratio and improved 
profitability (Chong et al. 2022). Quantum-inspired generative models like QAmplifyNet enhance backorder 
prediction accuracy, which is critical for inventory control and customer satisfaction, by handling complex datasets 
and dependencies, offering superior predictive capabilities compared to traditional models (Jahin et al. 2023). 
 
4.3 Logistics and Route Optimization 
Generative modeling finds diverse applications in logistics and route optimization. Multi-agent reinforcement learning 
models optimize vehicle routing by simultaneously considering route length and vehicle arrival times, generating 
routes for multiple vehicles in real-time and significantly reducing computation time compared to traditional heuristic 
algorithms (Ren et al. 2022). Progressive GANs, such as ProgGAN, are used in route planning to refine routes from 
low-resolution to high-resolution maps, enhancing the efficiency and stability of model learning and outperforming 
state-of-the-art methods for realistic long-distance routing (Fu & Lee 2021). Generative Inverse Reinforcement 
Learning (GIRL) further enhances policy learning and improves optimization methods in real-world applications, 
proving useful for complex routing problems like the traveling salesman and vehicle routing problems (Q. Wang et 
al. 2023). AI and IoT integration also optimize logistics distribution by processing real-time traffic data and historical 
delivery records, improving efficiency and reducing costs, thus showcasing the practical feasibility of AI-driven 
optimization models (Liu 2024). In dynamic pickup and delivery scenarios, data-driven approaches such as the Spatial-
Temporal Aided Double Deep Graph Network (ST-DDGN) reduce vehicle usage and transportation costs, leading to 
substantial cost savings in logistics operations (Li et al. 2021). 
 
4.4 Risk Management and Scenario Planning 
Generative modeling techniques, such as generative AI aids in risk identification by generating novel scenarios that 
highlight potential disruptions, offering a practical tool to overcome resource limitations and build resilient supply 
chains. This approach enables optimal risk mitigation and proactive strategies (Ahmad et al. 2024). Additionally, it 
facilitates real-time adaptation by allowing companies to respond proactively to changing market conditions. By 
simulating various scenarios, generative AI enhances risk management and scenario planning through predictive 
analytics, enabling organizations to assess and mitigate the impact of diverse risks  (Aishwarya, 2023). The integration 
of generative AI in scenario planning transforms traditional forecasting methods by supporting iterative refinement 
and developing of adaptable supply chain strategies , which is particularly useful for managing uncertainties like 
climate change and global conflicts (Finkenstadt et al. 2023). 
 
5. Industrial Applicability 
5.1. Fashion Industry 
In the fashion industry, generative modeling can be applied across various areas of supply chain management to 
enhance efficiency and customization. For inventory and supply chain optimization, models like Deep Reinforcement 
Learning (DRL) specifically  Soft Actor-Critic model optimize apparel supply chains by balancing service levels and 
sell-through rates, achieving lower inventory-to-sales ratios and ensuring stock availability without overstocking, 
which enhances demand fulfillment and maintains a competitive edge (Chong et al. 2022) Generative models can be 
used in sustainable fashion supply chains to optimize operations for environmentally responsible supply chain 
management by reducing pollution and enhancing sustainability in manufacturing and transportation (Fung et al. 2020) 
For fashion design and personalization, tools like Generative Attribute Manipulation, Adversarial Metric Learning, 
and QuitGAN enable customization by manipulating attributes, thereby improving the user experience in search and 
recommendation. QuitGAN specifically synthesizes compatible items to form cohesive outfits (Yang et al. 2020; Zhou 
et al. 2024). For consumer engagement and e-commerce, GANs and Real-Time Fashion Systems (RTFS) enhance 
product appeal by addressing consumer values, leading to higher willingness to pay for AI-designed items. RTFS also 
provides real-time customization, significantly reducing design costs and time (Lee 2021; Sohn et al. 2021). 
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5.2. Automotive Industry 
In the automotive industry, generative modeling supports various aspects of supply chain management. For demand 
prediction and supplier evaluation, convolutional and recurrent neural networks, coupled with techniques like moth-
flame optimization, DEA, and BWM, achieve over 90% accuracy in predicting automotive component demand, aiding 
in production planning (Zareian Beinabadi et al. 2024). Generative modeling also supports digital supply chains 
integrating Intelligent Autonomous Vehicles (IAVs), where simulation and emulation tools help design and test supply 
chain operations, enabling the EV industry to explore alternative configurations and maintain agility (Tsolakis et al. 
2019). In circular economy and waste management context, mathematical models for reworking and recycling have 
been developed to handle imperfect production, extending product lifecycles, reducing waste, and optimizing costs 
thereby contributing to sustainable automotive supply chain (Omair et al. 2022). Agile and flexible supply chain 
models benefit from hybrid approaches, such as interval-valued fuzzy-rough numbers and robust goal programming, 
which enhance automotive supply chain agility by minimizing disruptions, defective parts, and costs, while ensuring 
on-time delivery and optimizing supplier and resource allocation (Hendalianpour et al. 2019). Big data warehouse and 
simulation models provide decision-support systems to address the complexity of automotive supply chains, allowing 
for scenario analysis to improve resilience and operational efficiency during potential disruptions (Vieira et al. 2019). 
 
5.2. FMCG Industry 
In the Fast-Moving Consumer Goods (FMCG) industry, generative modeling supports demand forecasting and 
optimization through GAN-based frameworks, applied in contexts like the biofuel supply chain, where complex data 
modeling enables better decision-making under uncertain demand and improves inventory management by simulating 
purchasing patterns (Doan et al. 2018; Zhao & You  2020). GANs and transaction sequence generators simulate 
customer transactions for tailored marketing, with chatbots providing personalized recommendations to enhance 
customer experience and engagement (Doan et al. 2018; Fosso Wamba et al., 2023; Horn et al.2024). In process 
automation and efficiency, generative AI is used for route optimization and automates supply chain communication, 
boosting efficiency and reducing manual tasks, while optimizing logistics by designing efficient routes to cut 
transportation costs (Fosso Wamba et al. 2023; Horn et al. 2024). 
 
6. Advantages and Challenges of Generative Modeling in Supply Chain Management 
 
6.1. Advantages 
Generative modeling offers several advantages in SCM, enhancing decision-making processes through the application 
of deep learning, neural networks, and GANs, which improve both decision accuracy and reliability (Fosso Wamba 
et al. 2023; Han & Zhang  2021; Zhao & You, 2020). Generative AI and other AI- driven tools in logistics and supply 
chain management contributes to cost efficiency by enhancing process efficiencies (Fosso Wamba et al. 2023; Richey 
Jr. et al. 2023). Furthermore, generative models, particularly deep learning models, support improved demand 
prediction by providing accurate forecasting and reducing the risk of overstocking or stockouts (Bertsimas et al. 2016; 
Qi et al. 2022). Generative models combined with deep reinforcement learning and stochastic programming are also 
well-known for their capacity to lower holding and stockout costs, which enhances logistics efficiency in terms of 
optimal inventory and logistics (Qi et al. 2022; Stranieri et al. 2024). 
 
6.2. Challenges 
Generative modeling in supply chain management faces several challenges, particularly related to data limitations and 
quality issues. GANs are impacted by high missing data rates, which can degrade model performance, while 
incomplete or noisy data leads to unrealistic outputs (Bernal et al.  2021). Data scarcity, especially for niche products, 
further limits the effectiveness of model training, particularly when using neural networks (Jahin et al. 2023). 
Integration difficulties within existing supply chain infrastructure present another challenge, as both technological and 
organizational barriers hinder smooth integration of generative models, requiring significant system adaptation. This 
complexity can prevent organizations from adopting generative models and realizing potential benefits despite their 
advantages (Fosso Wamba et al. 2023; Nozari et al. 2022). Additionally, model interpretability and complexity are 
notable issues, as models, particularly GANs and quantum-classical neural networks, are often "black boxes" that limit 
interpretability and user trust (Ross et al. 2021). High complexity also demands specialized knowledge, making 
practical implementation challenging for organizations lacking expertise (Jahin et al. 2023; Zhao & You  2020). 
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7. Future Directions and Research Opportunities 
 
7.1 Emerging Trends 
Generative modeling is becoming a crucial tool for real-time adaptation in supply chains, addressing market volatility 
and operational disruptions with unprecedented precision (Belhadi et al. 2024). Advanced frameworks like Variational 
Autoencoders (VAEs) and Generative Adversarial Networks (GANs) drive this adaptability by enabling predictive, 
on-the-fly adjustments to inventory and distribution schedules based on rapid changes in demand or supply conditions 
(Vivekananthan et al. 2024). Emerging techniques, such as Energy-Based Models (EBMs) and Autoregressive 
Transformers, extend these capabilities by offering sophisticated anomaly detection and predictive maintenance (X. 
Wang et al. 2022) as well as anticipating complex, multistep events which are crucial in achieving resilience in high-
stakes operational settings (He et al. 2024). Additionally, newer models like Diffusion and Flow-Based Models (e.g., 
Normalizing Flows) enhance real-time forecasting accuracy by iteratively refining data reconstructions, making them 
highly effective for demand and inventory forecasting in volatile environments (Strümke & Langseth  2023). 
 
These capabilities are further amplified when generative models are combined with reinforcement learning (RL) to 
form hybrid solutions. By incorporating RL feedback loops, generative models continually refine strategies in 
response to shifting conditions, such as fluctuating demand or evolving environmental impacts, which enhances agility 
and resource efficiency within supply chains (Aishwarya et al. 2023) This hybrid approach underscores the trend 
toward adaptive, multi-stage solutions that can respond dynamically to complex and rapidly changing operational 
challenges. 
 
7.2 Research Opportunities 
The rapid advancements in generative models have opened new avenues for addressing complex challenges in supply 
chain management, with a growing focus on integrating sustainability metrics, such as carbon emissions, water usage, 
and energy consumption, directly into decision-making processes. By integrating these metrics, models can guide 
supply chain decisions toward eco-friendly options in routing and inventory management, aligning both regulatory 
requirements and raising consumer expectations for sustainable practices.  
 
In addition, generative models face challenges in data quality, interpretability, and deployment, which are critical 
areas for future research. Models like Stochastic Variational Inference (SVI) and Implicit Generative Models (IGMs) 
hold potential for handling uncertain and variable-quality data  (Zhang et al. 2023) while Recurrent Generative Models 
with memory units and Graph-Based Generative Models improve model resilience by capturing long-term 
dependencies and network-based risks (Wu & Wang  2022). To further support interpretability, Transformer-Based 
Diffusion Models and Causal Generative Models offer clearer, actionable insights, especially in scenarios where 
understanding cause-and-effect relationships is vital for decision-making (Y. Wang et al. 2024). 
 
On the deployment front, Federated Generative Models are increasingly relevant, as they support decentralized data 
environments that emphasize data privacy and inter-organizational collaboration. Lastly, multimodal and meta-
learning generative models can bring in diverse data types such as text, images, and tabular data as result creating 
comprehensive, cross-functional views applicable in fields like adaptive supply chains, personalized healthcare, and 
autonomous systems. Together, these innovations promise to position generative modeling as a fundamental resource 
in building supply chains that are not only resilient and sustainable but also adaptable to the demands of a complex, 
interconnected global economy. 
 
7.3 Implications 
This research holds significant implications for both the academia and industry practitioners. For academia, it provides 
a detailed synthesis of the latest advancements in applying generative modeling techniques to supply chain 
management. It also emphasizes potential avenues for future research, including the integration of generative models 
with decision-making frameworks and the investigation of their use in emerging domains such as sustainable supply 
chain practices. For industry professionals and policymakers, this study underscores the potential of generative 
modeling in supply chain domains, such as demand forecasting, inventory management, and risk management. By 
showcasing practical applications, this research emphasizes the advantages of leveraging generative modeling in 
supply chain management such as cost efficiency, improved demand forecasting, and enhanced logistical efficiency. 

1161



Proceedings of the International Conference on Industrial Engineering and Operations Management 

© IEOM Society International 

Furthermore, it provides valuable insights into addressing challenges, such as data quality and model deployment, 
thus bridging the gap between theoretical advancements and real-world application. 
 
7.4 Limitations 
The dynamic nature of generative modeling and its applications in supply chain management presents inherent 
limitations for this review. While this study provides a comprehensive review of established applications, it may not 
fully encompass the latest innovations or emergent trends that are still in the early stages. Additionally, the focus on 
specific industry applicability restricts the generalizability of findings, particularly for diverse supply chain 
environments. Moreover, this research primarily emphasizes current, well-documented applications of generative 
modeling in supply chain processes, such as demand forecasting and logistics optimization, potentially overlooking 
niche or experimental applications that could gain prominence in the future.  
 
8. Conclusion 
This review underscores the transformative role of generative modeling in modern supply chain management, 
showcasing its potential to improve demand forecasting, inventory optimization, logistics, and risk mitigation. 
Advanced techniques like GANs and VAEs enable supply chains to model complex scenarios and refine decision-
making, thereby enhancing efficiency and resilience in increasingly dynamic environments. Despite these 
advancements, challenges remain, including data quality issues, difficulties in integrating generative models with 
legacy systems, and the opaque nature of many algorithms, which can limit trust and adoption. This paper contributes 
by synthesizing theoretical advancements and practical applications to address these challenges. It highlights the need 
for further innovation in integrating generative models into real-world supply chains and points to emerging solutions, 
such as transparent algorithm design and decentralized data-sharing approaches. By advancing understanding in these 
areas, the study provides a foundation for more effective and scalable applications of generative modeling in supply 
chain management, paving the way for systems that are both adaptive and sustainable. 
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