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Abstract :  Supply chains are contending with greater unpredictability than ever before. In some areas they have become so 

complex that managing them has become a serious challenge. Not only have things changed, but now we are in a position to require 

systems that can respond quickly, be autonomous when needed, and still coexist with systems already on the shelf. One of the more 

exciting developments in this space has been agentic AI which brings together multi-agent reinforcement learning, cognitive agents, 

and digital twins to help supply chains learn faster and provide more predictable forecasting. 

Recent research is fast moving, and empirical work has seen the same acceleration. Research has included understanding the 

building blocks of these systems, and comparing how different options irresponsibly survive. While advances have been made, 

elements of research must be addressed, as challenging hurdles are still evident suggesting that from here it will require further 

ingenuity and action. A structured framework is now available to understand how agentic AI can provide predictions in real time, 

increase resilience and automate what was once heavily manual. 

Practical advice has emerged slowly as technological progress continues. The focus is on developing systems that both demonstrate 

clear operating parameters and are scalable. An important part of the development of these systems will be facilitating smoother 

collaboration between human teams and artificial intelligence with an emphasis on coordination as a factor. By grounding 

development in the above ideas, supply chains evolve from examples of efficiency, to examples of efficiency and social 

responsibility. 
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1. INTRODUCTION 

For decades, supply chains were designed for efficiency. Predictability drove everything. But no longer. Unpredictability is driving 

it today. The pace and the nature of the disruption have changed. The shocks come; economic, political, environmental. In this 

environment agility and resilience should not be seen as how to compete or win strategically, rather agility and resilience are survival 

traits. 

Momentum is building around some ideas that were previously seen as speculative. What was once only for research labs or pilot 

projects now are on the cusp of becoming widely used. Agentic AI has gathered interest—not because it was implemented without 

a single mistake, but because it responds to a contemporary need. Designed to function with limited oversight, these systems change 

their behaviors over time, and respond in new and timely ways as the world disrupts today. In many cases, they are starting to take 

on the responsibilities requiring rapid judgment in oftentimes complicated operational environments [1]. 

One method on the rise in notoriety is predictive fulfillment. The premise is simple: anticipate demand before it occurs, and position 

resources accordingly.  In practice, it's not as simple as it sounds. Markets can swing quickly. Political climate can shift overnight. 

Natural disasters, like storms, floods, and fires can change logistical pathways in a matter of days. To stay ahead, many operations 

are turning to agentic systems—reinforcement-based models, decentralized agents, adaptive decision layers. These tools help keep 

stock aligned with demand, respond faster, and waste less [2][3]. 

A pattern has become clear. The most profound lessons have come not from theory, but from disruption. A virus shuts down borders. 

Trade routes are blocked. Crops fail. Factories flood. Through it all, brittle systems falter, and adaptive ones endure. The message 

is hard to miss: traditional models are not enough anymore [4]. 

Meanwhile, another priority has surged forward—sustainability. Efficiency is no longer measured only in cost or speed, but also in 

environmental impact. AI, when structured thoughtfully, offers new leverage. Smarter routing reduces emissions. Better forecasting 

cuts spoilage. Systems that adapt can also conserve [5]. 

Still, no solution arrives without its flaws. Scaling remains a hurdle. Transparency, a work in progress. Not every tool fits every 

context. But the direction is set. The supply chains taking shape now are being built not just to move goods, but to withstand 

storms—literal and otherwise. Smooth integration with enterprise systems continues to be a hurdle. Ongoing debate also surrounds 

the level of decision-making power these agentic systems should hold, and there is still no clear consensus on where to set the limits 

on autonomy. 
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And maybe most important, we still don’t have a clear way to measure whether they’re really delivering on their promise to improve 

resilience and sustainability over the long haul [6]. These challenges present both technical and ethical issues that need to be 

addressed for agentic AI to earn trust and achieve widespread use. 

This review offers a detailed look at agentic AI methods used in predictive fulfillment and supply chain agility over the past ten 

years. We summarize developments in computational intelligence, machine learning, and industrial AI. We focus on practical 

applications, limitations, and potential. The following sections will (1) outline the basic principles of agentic AI, (2) explore its use 

in predictive modeling and decision support within supply chains, (3) discuss benchmark datasets and performance metrics, and (4) 

identify key challenges and future research directions. This review acts as a resource and guide for researchers and practitioners 

who want to use agentic AI in fast-paced, high-pressure operational settings. 

Year Title Focus Findings (Key Results and Conclusions) 

2015 Decentralized Supply Chain 

Coordination with 

Reinforcement Learning 

Coordination of 

decentralized supply chains 

using Q-learning agents 

Demonstrated that agent-based Q-learning improves 

coordination efficiency and reduces inventory 

fluctuations [7] 

2016 Intelligent Agents in SCM: A 

Multi-Agent Framework 

Multi-agent systems for 

collaborative supply chain 

management 

Showed enhanced agility through real-time 

negotiation and dynamic task allocation among 

agents [8] 

2017 Demand Forecasting with 

Deep Reinforcement 

Learning 

Predictive modeling for 

demand forecasting using 

DRL 

Outperformed traditional time-series models by 

adapting dynamically to market shifts [9] 

2018 Hybrid Intelligent Agent 

Systems in Logistics 

Hybrid agent architectures 

in logistics optimization 

Combined heuristic and learning agents to optimize 

routing and delivery under uncertainty [10] 

2019 Multi-Agent Deep RL for 

Supply Chain Resilience 

Multi-agent deep 

reinforcement learning in 

disruption management 

Demonstrated improved response to supply chain 

shocks through cooperative learning [11] 

2020 Cognitive Architectures for 

Supply Chain Agility 

Application of cognitive 

agents for autonomous 

planning 

Enhanced fulfillment agility by enabling context-

aware decision-making across supply nodes [12] 

2021 Agent-Based Digital Twins 

for Logistics 

Integration of agentic AI 

with digital twins 

Enabled predictive insights and adaptive control in 

smart logistics environments [13] 

2022 Reinforcement Learning in 

Fulfillment Centers 

RL-based inventory and 

workforce management 

Reduced stockouts and labor costs through 

autonomous scheduling and replenishment [14] 

2023 Explainable Agentic AI for 

Smart Supply Chains 

Explainability in 

autonomous AI decision-

making 

Improved stakeholder trust and adoption by 

incorporating interpretable agent behaviors [15] 

2024 Autonomous Fulfillment 

Networks with MARL 

Decentralized control of 

fulfillment operations using 

MARL 

Showed scalability and robustness of decentralized 

agents in large-scale e-commerce logistics [16] 

 

Table: Key Research Studies on Agentic AI for Predictive Fulfillment and Supply Chain Agility 

In-text citations: 

These studies [7]–[16] collectively illustrate the evolution of agentic AI from foundational frameworks to real-time deployment in 

fulfillment systems. Key trends include the shift from rule-based control to deep learning-enabled autonomy [9], the integration of 

digital twins for proactive monitoring [13], and the growing emphasis on explainability to foster human-machine collaboration [15]. 

2. Proposed Theoretical Model and Block Diagram 

2.1 Conceptual Overview 

The proposed theoretical model integrates agentic AI within a multi-layered supply chain system, emphasizing autonomy, real-time 

decision-making, and collaborative learning. It is structured around five core functional blocks: Perception, Prediction, Decision-

Making, Action Execution, and Feedback Learning. These modules operate within a decentralized multi-agent framework to 

ensure system-wide responsiveness and adaptability. 

This architecture is inspired by cognitive robotics models [17], cyber-physical systems [18], and recent advances in multi-agent 

reinforcement learning for logistics optimization [19]. 
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Figure: Conceptual block diagram of an agentic AI framework for predictive fulfillment and supply chain agility. 

2.2 Functional Block Descriptions 

1. Perception Layer 
This layer captures real-time data from across the supply chain, including warehouse sensors, transport telemetry, market 

feeds, and inventory levels. These data streams are standardized and pre-processed using edge AI techniques [17]. 

2. Prediction Layer 
Forecasting engines use time-series models and deep learning to predict demand, detect potential disruptions, and estimate 

lead times. Integration of external variables (weather, political risk, etc.) improves the robustness of forecasts [18]. 

3. Decision-Making AI 
At the core, agentic AI modules (e.g., deep reinforcement learning, rule-based agents, cognitive agents) determine the 

optimal course of action. The system balances local agent autonomy with global supply chain goals using multi-agent 

negotiation and coordination [19]. 

4. Action Execution 
This layer translates decisions into actions through robotic systems, automated scheduling platforms, or inventory control 

systems. Execution is monitored in real time to ensure alignment with system objectives [20]. 

5. Feedback Learning 
Outcomes from each decision are logged and fed back into the model for continuous learning. This enhances both the 

accuracy of predictions and the adaptability of decision-making policies under dynamic conditions [20]. 

6. Human-in-the-Loop Interface 
Although the system operates autonomously, explainable AI modules are incorporated to allow human supervisors to 

inspect decision rationales, override specific actions, and fine-tune policy objectives. 

2.3 Contribution to Supply Chain Agility 

This model emphasizes resilience, transparency, and learning-by-experience, all of which are central to modern fulfillment 

operations. By enabling distributed agents to learn and adapt independently, while cooperating within a shared goal framework, the 

architecture addresses the fundamental limitations of centralized control models [19]. It also provides a scalable path forward for 

integrating emerging technologies such as edge AI, blockchain-based traceability, and federated learning in supply chain ecosystems 

[18]. 
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3. Experimental Results 

To figure out if agentic AI is really moving the needle on predictive fulfillment and supply chain agility, we pulled from a set of 

recent benchmarking studies. They look at four main things: how good the demand forecasts actually are, whether inventory levels 

stay optimized, how fast the system jumps into action when there’s a disruption, and just how flexible the whole thing can be in 

practice. 

3.1 Evaluation Metrics 

MAPE (Mean Absolute Percentage Error) basically shows whether your demand forecasts are hitting the mark or way off. 

Order Fulfillment Rate? That’s just how often you actually get orders to customers on time. Inventory Turnover Ratio 

measures how quickly stuff is moving through your warehouses, which hints at how efficient things are. And Decision 

Latency is about how fast the AI reacts when something goes wrong—which is huge when things can change in a blink. 

Model Type MAPE (%) ↓ OFR (%) ↑ ITR ↑ DL (sec) ↓ Notes 

Baseline Rule-

Based 

15.3 82.1 4.8 12.5 Lacks 

adaptability [21] 

Deep RL (Single-

Agent) 

8.9 91.7 6.3 7.8 Learns from 

environment [21] 

Multi-Agent RL 7.2 94.5 7.1 6.2 Distributed 

coordination [22] 

Cognitive Agents 6.8 95.3 7.5 5.6 Context-aware 

decision-making 

[23] 

Agentic AI + 

Digital Twin 

5.4 97.1 8.2 4.9 Highest agility 

and accuracy [24] 

 

Summary Table: Performance Comparison of Agentic AI Models 

↑ - Indicates higher is better  
↓ - Indicates lower is better 

 

 

 

 
Figure: Forecasting Accuracy Across Models (MAPE %) 
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Figure: Fulfillment Rate Comparison 

 

Figure: Decision Latency vs System Agility Index 

3.2 Interpretation of Results 

Tests have shown that agentic AI approaches tend to beat older models pretty reliably across the main performance measures. Stuff 

like multi-agent reinforcement learning and cognitive agent systems are especially good at rolling with sudden changes in demand 

or jumping on unexpected disruptions [22][23]. When you add digital twins into the mix, it gets even stronger—forecasts get clearer, 

and decisions happen faster and with more confidence. All of this together makes supply chains a lot more nimble and way better 

at keeping up with what customers need, without dropping the ball [24]. 

On top of that, decision latency has a big impact on how well a supply chain holds up under pressure. Faster response times mean 

AI agents can jump in right away—rerouting inventory, shifting labor, or reordering delivery priorities when things get 

unpredictable. That kind of quick action is especially important during major disruptions, like port closures or sudden shocks to the 

supply network [21]. 
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4. Future Directions 

The current path of agentic AI in supply chains presents several promising areas for future research and deployment:  

1. Human-Agent Collaboration and Trust   

While agentic systems offer autonomy, their widespread use depends on maintaining human oversight and trust. Future research 

should create explainable agentic models that help non-technical users understand AI decision-making [25]. Human-in-the-loop 

frameworks and shared control methods can connect automation with ethical responsibility [26]. 

2. Scalable Federated Architectures   

Traditional centralized training models are often not feasible for large, diverse supply networks. We should look into federated 

learning and edge-AI methods. These approaches would allow for distributed training of agents in various locations while keeping 

data private [27]. 

3. Integration with Blockchain and IoT   

Future methods could include agentic AI with blockchain enabled capabilities such as traceability; agentic AI with services that rely 

on smart contracts, such as IoT devices; and IoT enabled capabilities to realize better situational awareness. Potentially, this could 

yield trust, increased transparency and better timely awareness [28]. 

4. Cross-Domain Transfer Learning   

Agentic models developed for one industry, like e-commerce, are seldom directly applicable to others, such as healthcare logistics. 

New research should investigate meta-reasoning and transfer learning methods that let agents adjust their policies to new fields with 

minimal retraining [29].  

5. Ethical and Regulatory Frameworks   

As agentic systems develop greater autonomy, it is important to also develop ethical reasoning skills and compliance checks into 

agents. Collaboration between AI researchers, ethicists, and policymakers will be necessary to develop rules governing responsible 

use [30]. 

5. Conclusion 

This review has explored the nascent leader in agentic AI, now perhaps the parameters of its potential good, in predictive fulfillment 

and supply chain agility, respectively. Such agentic AI involves practical testable emergent theories such as reinforcement learning 

algorithms and cognitive architectures showcased in this review, ultimately providing: predictive capabilities with accuracy better 

than precedent, speedier decision making (latency), addressable fulfillment processes to enhance established armamentarium. It is 

clear that agentic AI, across testing methods, improves forecast accuracy, speed, and fulfillment productivity. 

Nevertheless, significant research gaps remain especially regarding explainability, scaling capability, and transferability across 

various domains. However, by bridging the research gaps developed via interdisciplinary collaborations coupled with sound 

engineering design, agentic AI can be transformed into a major component of a future ready, adaptive, and ethical supply chain 

ecosystems. More importantly, this review can serve as a starting point for already recognized researchers and practitioners in the 

agentic AI ecosystems to begin developing these capabilities and skills to compete with future contexts that are becoming 

increasingly complex in a global logistics and supply chain ecosystem. 
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