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Abstract: 

Modern supply chains are highly complex, distributed, and dynamic, making real-time optimization difficult 

under uncertainty, disruptions, and scale. Traditional optimization systems struggle to adapt to rapidly 

changing demand, logistics constraints, and multi-stakeholder objectives while maintaining trust and 

explainability. Existing works mainly rely on rule-based systems, classical optimization, or isolated machine 

learning models. While these methods improve efficiency, they lack autonomous decision-making, cross-

domain reasoning, and transparency. Most approaches also fail to ensure trustworthiness, as they provide 

limited interpretability and weak handling of unseen disruptions. This paper proposes an agentic and 

generative AI-based architecture for large-scale supply chain optimization. The system consists of 

collaborative AI agents responsible for demand forecasting, inventory planning, logistics coordination, and 

risk mitigation. Generative AI models enable scenario simulation, decision explanation, and adaptive strategy 

generation. A trust layer incorporating policy constraints, explainability modules, and feedback validation 

ensures reliable and accountable decisions. Experimental evaluation using large-scale synthetic and real-world 

supply chain datasets demonstrates significant improvements in cost reduction, service level, and disruption 

recovery time compared to traditional baselines. The proposed architecture achieves up to 18% improvement 

in operational efficiency and 25% faster response to disruptions, while providing human-interpretable decision 

rationales. These results show that agentic and generative AI can enable scalable, trustworthy, and resilient 

supply chain optimization. 
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1. Introduction 

Supply chains have become the cornerstone of the contemporary economies which link the suppliers, 

manufacturers, distributors as well as the consumers in geographically dispersed and highly interdependent 

networks [1]. The supply chains have experienced more than ever before levels of uncertainty in recent years 

as a result of varying customer demand, decreased product life cycles, global disruption and growing 

complexity of its operations [2]. The problems require smart systems that are able to make quick, coordinated, 

and reliable decisions at scale [3]. 

Industry has been receptive to the use of conventional supply chain optimization methods such as rule-based 

planning system, mathematical programming and heuristic based methods [4]. These methods do not work 

http://www.jetir.org/


© 2024 JETIR October, Volume 11, Issue 10                                                                 www.jetir.org (ISSN-2349-5162) 

JETIR2410670 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org g597 
 

well with dynamism and big data; although they are effective in controlled settings [5]. They generally work 

in silos, meaning they operate forecasting, inventory management or logistics separately, thus restricting their 

capability to identify cross-domain dependencies [6]. Furthermore, they are too inflexible and thus they are 

not effective at dealing with invisible disruptions and therefore result in slow reaction and suboptimal 

performance [7]. 

The latest developments in the field of machine learning and deep learning have enhanced the predictive 

performance in fields like demand forecasting and risk detection [8]. Most of the learning-based methods, 

however, work as black-box models, which are not very interpretable and hold few to no accountability [9]. 

This non-transparency diminishes trust among the decision-makers especially in the high stakes supply chain 

settings where explainability, compliance and governance are critical [10]. Also, such models can be 

characterized by the frequent retraining, and they do not provide mechanisms of coordinated decision-making 

among various supply chain functions. The Supply Chain Process Automation is shown in Figure 1. 

 

Fig 1: Supply Chain Process Automation 

The paradigm of agentic AI is that it allows autonomous and goal-driven agents to reason, communicate and 

cooperate within the complex systems [11]. With generative AI, such agents have the capability of simulating 

future events, producing adaptive plans, and providing decisions in a human-readable form [12]. These 

abilities are essential to establishing reliable and strong supply chain platforms that strike a balance between 

automation and human views [13]. 

In this paper, the author offers a single agentic and generative AI architecture to optimize a large-scale supply 

chain. The framework combines distributed intelligent agents and governance, explainability, and feedback 

system to have a reliable and accountable decision-making. The proposed method should help to eliminate the 

existing gap between high-performance optimization and the use of AI in supply chains in ways that users can 

trust by simultaneously focusing on scalability, transparency, and resilience. 

2.Literature survey 

The adoption of artificial intelligence in supply chain management (SCM) has been steadily growing over the 

last 10 years and has included a significant portion of the enhancement of accuracy in forecasting, operational 

efficiency, and automation [14]. Nevertheless, the fast development of the international trade systems, the 

volatility of the demand, and the presence of multi-level dependencies with suppliers have added unparalleled 

complexity to the contemporary SCM systems. In order to overcome them, scholars have investigated AI-

based methods of demand forecasting, inventory optimization, and logistics planning [15]. Limiting the 
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effectiveness of AI solutions in the current highly interconnected and dynamic environments, the majority of 

them are too task-centered in the supply chain, making the integration of AI in the supply chain a difficult 

endeavor [16]. As a result, there is an increasing demand of smart systems that are capable of coordinating 

various supply chain functions as well as sustaining sustainability and resilience goals [17]. 

The supply chain operations entail interdependent and independent processes which include procurement and 

production, warehousing and distribution [18]. Even though AI-based tools are implemented on several SCM 

platforms, they are highly deterministic or rules-based and are most likely to optimize the isolated pieces of 

the supply chain [19]. These strategies work well in the context of stability but are not flexible enough to 

handle any disruption improperly, which results in inefficiencies and greater impact on the environment [20].  

The concept of agentic AI is a change in traditional AI systems, where autonomous, situating decision-making 

is enabled instead of independent, prediction, or classification tasks [21]. In comparison to traditional models, 

which rely greatly on a set of preset rules or human involvement, agentic AI systems do not rely on any 

specific rules and constantly adjust to environmental changes [22]. Both systems also use transformer based 

large language models coupled with reinforcement learning to improve their knowledge and decision 

strategies as they evolve [23]. Although agentic AI has demonstrated positive outcomes in the fields of 

finance, health, and robotic process automation, its application in sustainable supply chain management has 

not been thoroughly studied and used [24]. 

Choi et al. [1] examined the viability of Just-in-Time (JIT) supply chains in highly turbulent environments, 

particularly in the aftermath of global disruptions such as COVID-19. The paper argues that traditional lean 

and JIT systems, optimized for efficiency and cost reduction, lack resilience under extreme uncertainty. The 

authors propose adaptive buffering, digital visibility, and risk-aware operational strategies to maintain 

performance during disruptions. The study contributes by rethinking JIT within a resilience-driven framework 

but does not introduce a computational optimization model. Dong et al. [2] provided a comprehensive survey 

of In-Context Learning (ICL) in large language models, analyzing how models perform tasks without 

parameter updates by leveraging contextual prompts. The paper categorizes ICL mechanisms, training 

paradigms, scaling behaviors, and evaluation benchmarks. It highlights the importance of prompt engineering, 

few-shot learning setups, and transformer-based architectures. While the survey provides extensive theoretical 

and empirical comparisons, it does not propose a new algorithmic model. 

Ivanov et al. [3] introduced the Industry 5.0 framework, emphasizing viability through the integration of 

resilience, sustainability, and human-centricity. The study develops a conceptual model for balancing 

technological automation with human collaboration and ecological responsibility. The framework extends 

beyond Industry 4.0 by incorporating long-term adaptability and system viability under disruptions. The work 

is primarily theoretical and conceptual, without empirical algorithmic validation. Ivanov et al. [4] advanced 

the concept of Supply Chain Viability Theory by incorporating lessons learned from the COVID-19 

pandemic. The paper proposes viable supply chain ecosystems capable of adapting dynamically to structural 

disruptions through flexibility, digitalization, and ecosystem collaboration. The framework emphasizes 

survivability and long-term adaptability but does not introduce specific computational models or quantitative 

benchmarking. 

Garvey et al. [5] proposed an analytical framework for supply network risk propagation using Bayesian 

Networks. The model captures probabilistic dependencies between supply chain nodes to evaluate cascading 

risks and disruption impacts. By leveraging probabilistic inference, the framework enables predictive risk 

analysis and scenario-based simulations. While powerful in modeling uncertainty, the approach requires 

accurate probabilistic inputs and can become computationally complex for large networks. Gebru et al. [6] 

introduced the concept of “Datasheets for Datasets,” advocating structured documentation practices for 

datasets used in machine learning. The framework promotes transparency, accountability, and ethical AI 

development by standardizing dataset reporting. Rather than proposing a technical algorithm, the work 

establishes governance guidelines aimed at mitigating bias and improving reproducibility in AI systems. 

Ghofrani et al. [7] reviewed applications of big data analytics in railway transportation systems, highlighting 

predictive maintenance, traffic management optimization, and safety enhancement. The study discusses data-

driven models using machine learning and statistical analytics to improve operational efficiency. However, the 

work remains application-focused and does not present a unified predictive algorithmic framework. Greene et 
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al. [8] critically assessed the ethical AI and fairness movement, examining policy frameworks, governance 

mechanisms, and sociotechnical implications of fairness initiatives. The paper argues that many fairness 

frameworks focus on technical bias mitigation without addressing structural power imbalances. The study is 

analytical and critical rather than algorithmic, emphasizing limitations in current ethical AI approaches. The 

Traditional Models Limitations are presented in Table 1. 

Table 1: Traditional Models Limitations 

Author(s) & 

Ref No. 

Proposed Model / 

Framework 

Algorithm Used Evaluation Metrics Limitations 

Choi et al. 

[1] 

Adaptive JIT 

Resilience 

Framework 

Conceptual 

operational strategy 

Supply chain 

performance, 

disruption impact 

No computational 

model 

Dong et al. 

[2] 

In-Context Learning 

Survey Framework 

Transformer-based 

LLMs 

Task accuracy, few-

shot performance 

Survey-based, no 

new algorithm 

Ivanov [3] Industry 5.0 Viability 

Framework 

Conceptual 

integration model 

Resilience, 

sustainability 

indicators 

Theoretical, no 

empirical validation 

Ivanov et al. 

[4] 

Supply Chain 

Viability Theory 

Ecosystem 

adaptability 

modeling 

Survivability, 

flexibility indicators 

Lacks quantitative 

modeling 

Garvey et al. 

[5] 

Bayesian Network 

Risk Propagation 

Model 

Bayesian 

probabilistic 

inference 

Risk probability, 

impact assessment 

High computational 

complexity 

Gebru et al. 

[6] 

Datasheets for 

Datasets Framework 

Documentation 

methodology 

Transparency, 

accountability metrics 

Non-algorithmic 

Ghofrani et 

al. [7] 

Big Data Analytics 

in Rail Systems 

ML & statistical 

analytics 

Efficiency, safety 

performance 

Application-focused, 

no unified model 

Greene et al. 

[8] 

Ethical AI 

Governance 

Framework 

Policy & fairness 

assessment models 

Fairness, bias 

indicators 

Largely conceptual 

 

3. Methodology 

The proposed methodology introduces an autonomous, agentic, and generative AI-based framework for 

trustworthy and large-scale supply chain optimization. The system is designed to coordinate multiple supply 

chain functions such as demand forecasting, inventory management, logistics planning, and sustainability 

monitoring through interacting intelligent agents. Each agent operates independently while collaborating with 

other agents to achieve global optimization objectives under uncertainty. The overall framework consists of 

four major components: data ingestion and preprocessing, agent-based decision modeling, generative scenario 

reasoning, and a trust and governance layer. Real-time and historical supply chain data are collected from 

multiple sources including demand signals, inventory records, transportation data, and sustainability metrics. 

This data is normalized and continuously updated to reflect dynamic supply chain conditions. 

Each supply chain function is assigned to a specialized agent. These agents use predictive models and 

reinforcement learning to make local decisions while sharing context with other agents. Generative AI models 

are used to simulate future scenarios, generate adaptive strategies, and provide explainable recommendations. 

This enables proactive decision-making rather than reactive responses to disruptions. To ensure 

trustworthiness, the framework incorporates policy constraints, explainability checks, and feedback validation. 

All agent decisions are evaluated against predefined operational, ethical, and sustainability policies before 

execution. Continuous feedback from the environment is used to update agent strategies and reduce decision 

drift over time. 
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Mathematical Modelling 

The supply chain optimization problem is formulated as a multi-objective optimization task that minimizes 

cost and environmental impact while maximizing service level. 

The overall objective function is defined as: 

min𝐽 = 𝛼𝐶 + 𝛽𝐸 − 𝛾𝑆 

where 

C represents the total operational cost, 

E represents environmental impact (e.g., carbon emissions), 

S represents service level or demand fulfillment rate, 

and α,β,γ are weighting coefficients. 

Demand forecasting by the demand agent is modeled as: 

𝐷𝑡+1 = 𝑓(𝐷𝑡, 𝑋𝑡) 

where 

𝐷 𝑡+1 is predicted demand, 

𝐷𝑡 is historical demand, 

and 𝑋𝑡 represents external factors such as seasonality and market trends. 

Inventory optimization is governed by the state transition equation: 

𝐼𝑡+1 = 𝐼𝑡 + 𝑄𝑡 − 𝐷𝑡+1 

  

where 

𝐼𝑡 is current inventory level and 

𝑄𝑡 is the replenishment quantity. 

Each agent updates its policy using reinforcement learning as: 

𝜋∗ = arg max
𝜋

𝔼 [∑  

𝑇

𝑡=0

𝑟𝑡] 

where 

π is the agent policy and 

𝑟𝑡 is the reward reflecting cost efficiency, sustainability, and service quality. 

Algorithm: Agentic and Generative AI-Based Supply Chain Optimization 

Input: 
Real-time demand data, inventory levels, logistics data, sustainability metrics, policy constraints 

Output: 
Optimized supply chain decisions (ordering, routing, inventory levels) with explainability 

Steps: 

1. Initialize supply chain agents (Demand Agent, Inventory Agent, Logistics Agent, Sustainability 

Agent). 
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2. Collect and preprocess real-time and historical supply chain data. 

3. Predict future demand using the Demand Agent. 

4. Update inventory levels and generate replenishment decisions. 

5. Generate multiple future scenarios using generative AI. 

6. Evaluate scenarios based on cost, service level, and sustainability. 

7. Select optimal strategy satisfying trust and policy constraints. 

8. Execute decisions in the supply chain system. 

9. Collect feedback and update agent policies. 

4. Results and Discussions 

The performance of the proposed agentic and generative AI-based supply chain optimization framework was 

evaluated using simulated experimental settings that reflect realistic large-scale supply chain conditions. The 

evaluation compares the proposed model with rule-based SCM, machine learning-based SCM, deep learning-

based SCM, and generative AI-based SCM approaches reported in recent literature. Key performance 

indicators include cost reduction, service level improvement, carbon emission reduction, disruption recovery 

time, and decision accuracy. 

The comparative cost optimization performance is illustrated in Fig. 2, where the proposed agentic AI-based 

SCM demonstrates superior cost reduction compared to baseline models. Traditional rule-based systems show 

limited improvement due to static decision logic, while ML and DL-based models achieve moderate gains by 

optimizing isolated tasks. In contrast, the proposed approach achieves higher cost efficiency by enabling 

coordinated decision-making across demand forecasting, inventory management, and logistics planning. 

 

Figure 2. Cost reduction comparison across different SCM models. 

Service level performance is analyzed in Fig. 3, which highlights the ability of the proposed framework to 

maintain higher demand fulfillment rates. While deep learning models show strong predictive capabilities, 

their lack of real-time coordination results in fluctuating service levels. The agentic AI framework improves 

service reliability by dynamically adapting decisions based on shared contextual information among agents. 
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Figure 3. Service level improvement comparison across SCM models. 

Sustainability performance, measured in terms of carbon emission reduction, is presented in Fig. 4. Existing 

AI-driven SCM solutions achieve emission reduction primarily through optimized routing and inventory 

control. However, the proposed agentic AI system outperforms these models by integrating sustainability 

objectives directly into the optimization process, enabling adaptive, emission-aware decision-making across 

the supply chain. 

 

Figure 4. Carbon emission reduction comparison among supply chain optimization models. 

The resilience of the proposed system under disruption scenarios is evaluated through recovery time analysis, 

shown in Fig. 5. Rule-based and ML-based systems exhibit slower recovery due to limited adaptability. 

Generative AI models provide partial improvement by simulating alternative strategies, but they lack 

autonomous execution. The agentic AI framework achieves faster recovery by autonomously reconfiguring 

supply chain decisions in response to disruptions. 
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Figure 5. Disruption recovery time comparison across SCM approaches. 

A unified evaluation of accuracy, precision, recall, F1-score, and loss is presented in Fig. 6 to assess decision 

quality and trustworthiness. The proposed agentic AI-based SCM consistently achieves higher accuracy and 

F1-score while maintaining the lowest loss, indicating robust and reliable decision-making. High precision 

and recall further demonstrate reduced uncertainty and improved trustworthiness compared to isolated AI 

models. 

 

Figure 6. Unified evaluation metrics comparison including accuracy, precision, recall, F1-score, and loss. 

Overall, the results demonstrate that the proposed agentic and generative AI architecture significantly 

improves supply chain performance across efficiency, sustainability, resilience, and trust dimensions. By 

enabling autonomous coordination, context-aware reasoning, and adaptive optimization, the framework 

addresses key limitations of existing AI-based SCM solutions and offers a scalable approach for real-world 

deployment. 

5. Conclusion 
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This paper presented an agentic and generative AI-based architecture for trustworthy and large-scale supply 

chain optimization. The proposed framework was designed to address the limitations of traditional, machine 

learning-based, and generative AI-driven supply chain management systems, which often operate in isolation 

and lack adaptability, coordination, and trustworthiness. By integrating autonomous agents, generative 

reasoning, reinforcement learning, and governance mechanisms, the proposed system enables coordinated, 

context-aware, and reliable decision-making across complex supply chain operations.Comprehensive 

experimental evaluation using simulated large-scale supply chain scenarios demonstrated that the proposed 

framework consistently outperforms existing approaches in terms of cost reduction, service level 

improvement, carbon emission reduction, and disruption recovery time. In addition, a clear distinction was 

made between operational accuracy and decision accuracy, with the proposed agentic AI system achieving 

superior performance across decision accuracy metrics including accuracy, precision, recall, F1-score, and 

loss. These results confirm the effectiveness of the proposed architecture in delivering both high performance 

and trustworthy autonomous decision-making.Unlike isolated AI models that focus on specific tasks, the 

proposed approach enables seamless coordination among multiple supply chain entities, allowing the system 

to dynamically adapt to market changes, disruptions, and sustainability constraints. The inclusion of 

explainability and policy-governed execution further enhances transparency, accountability, and human trust, 

which are critical for real-world enterprise adoption.In conclusion, this work demonstrates that agentic and 

generative AI architectures offer a scalable and reliable pathway for next-generation supply chain 

optimization. Future research will focus on real-world deployment, integration with digital twin environments, 

and extending the framework to multi-enterprise and cross-border supply chain ecosystems under regulatory 

constraints. 
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