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ABSTRACT 

The rapid increase of Artificial Intelligence (AI) within Supply Chain Management (SCM), has transitioned 

SCM from using primarily Predictive Analytics & Decision Support, toward increased Autonomy of Decision 

Execution. However, although there are many examples of AI-driven SCM systems currently being used, they 

generally suffer from low levels of Trust, poor Governance structures, inadequate Auditability, and unresolved 

Data Sovereignty issues; all of which limit their potential deployment in High Consequence & Regulated 

Operational Environments. In an effort to address this important gap, this research introduces a comprehensive 

Governance First Framework for Trustworthy Agentic Supply Chains; where Autonomous AI Agents use Digital 

Twin Orchestrated Decision Intelligence to make decisions in accordance with explicit Compliance, 

Auditability, and Sovereignty Constraints. Agentic Supply Chains are defined as Socio Technical Systems, 

where Decision Authority is delegated to AI Agents that Continuously Sense, Simulate, Decide, and Act Across 

Dynamic Supply Networks. Digital Twins are redefined from Passive Visualization Tools to Active 

Orchestration Substrates that facilitate Real Time State Synchronization, Policy Execution, and Controlled 

Interaction Between Autonomous Agents and Enterprise Systems. On top of this base, the paper provides a 

Layered Reference Architecture for integrating Agentic Decision Intelligence, Bounded Autonomy, Governance 

by Design, and Human Oversight into a Unified Operational Model. 

The Framework addresses Key Adoption Barriers via Explicit Mechanisms for Regulatory Alignment, Decision 

Traceability, Data Sovereignty Preservation, and Risk Containment. The Architectural Constructs provided 

include Agent Drift Detection, Rollback and Safe Recovery, Simulation Based Stress Testing, and Resilience 

under Adversarial and Extreme Disruption Scenarios. Through the embedding of Governance within the 

Decision Architecture, the proposed model allows Autonomous Supply Chain Systems to be Auditable, 

Compliant, and Strategically Controllable while Retaining Adaptive Intelligence. Additionally, beyond technical 

design, the paper outlines Evaluation Metrics, Organizational Integration Principles, Ethical Considerations, and 

Strategic Implications related to Delegating Decision Authority to Agentic AI Systems. Finally, the Study 

identifies a Forward-Looking Research Agenda addressing Multi-Agent Coordination, Cross-Enterprise 

Autonomy, and Next Generation Optimization Paradigms. Overall, this Work establishes Trustworthy Agentic 

Supply Chains as a Distinct and Necessary Evolution of Supply Chain Intelligence, providing a Reusable 

Reference Framework for Researchers, Practitioners, and Policymakers looking to operationalize Autonomous 

Decision Systems Responsibly and at Scale. 

Keywords: Trustworthy Agentic Supply Chains, Agentic Artificial Intelligence, Digital Twin Orchestration, 

Autonomous Decision Intelligence, Governance-by-Design in AI Systems, AI Auditability and Decision 

Traceability, Data Sovereignty in Global Supply Networks, Bounded Autonomy and Human Oversight  
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INTRODUCTION TO TRUSTWORTHY AGENTIC SUPPLY CHAINS 

Supply Chain Management has progressed from a focus on decision making authority through early supply chain 

systems focused on rule-based planning to predictive analytics and machine learning to current agentic artificial 

intelligence; each step represents an increasing level of sophistication in how decision-making authority is 

conceptualized and operationalized within supply chain production and distribution networks (Butner, 2010). 

Early supply chain systems used static heuristics, predefined thresholds and deterministic optimization routines 

(AlMulhim, 2021) based on stable demand patterns, predictable lead times and low levels of external volatility 

(AlMulhim, 2021). As global supply networks grew in terms of size and complexity, these assumptions became 

increasingly brittle (Butner, 2010). Predictive analytics and machine learning enhanced the ability to anticipate 

demand fluctuations, supply disruptions and capacity constraints through improved forecasting accuracy and 

situational awareness (AlMulhim, 2021). However, predictive analytics and machine learning generally have 

been applied as decision support systems, providing analytical insights to inform human judgment, as opposed 

to directly executing operational decisions (Butner, 2010). Therefore, the need for speed, adaptability and 

consistency in managing modern supply networks under continuous uncertainty remains constrained by human-

mediated control structures (AlMulhim, 2021).  

Decision support-oriented artificial intelligence becomes even less effective in environments with high-

frequency disruptions, nonlinear interdependencies and cascading failure risk (Burgos & Ivanov, 2021). 

Predictive models can predict possible disruptions but they cannot inherently determine how competing 

objectives (such as cost, service, resilience, and compliance) will be prioritized in real-time (Burgos & Ivanov, 

2021). Additionally, decision support systems suffer from latency because the insights generated by the system 

must be interpreted, escalated, and approved prior to taking action (Butner, 2010). The separation of prediction 

and execution creates structural delays that can limit the effectiveness of advanced analytics in environments 

with high levels of volatility (AlMulhim, 2021). Furthermore, decision support architectures do not scale as well 

as agentic architectures when the complexity of the network increases because human decision-makers are 

unable to effectively process and coordinate the volume of decisions that must be made across interconnected 

supply nodes (Butner, 2010). Together, these constraints highlight a fundamental gap between analytical 

intelligence and operational control in current supply chain systems (AlMulhim, 2021). 

Agentic artificial intelligence presents a qualitative shift in this decision-making paradigm by introducing 

autonomous decision actors that are capable of perceiving system states reasoning about policy objectives and 

executing actions independent of human intervention (Jannelli et al., 2025). In agentic supply chains, decision 

authority is explicitly given to artificial agents that function within established areas of responsibility, such as 

inventory allocation, logistics routing, and supplier coordination (Mousa et al., 2024). Unlike decision support 

systems, these artificial agents do not only provide recommendations for action; they take action directly through 

enterprise systems based on policies that have been learned through experience and real-time feedback (Jannelli 

et al., 2025). This delegation of authority allows for ongoing adaptations to changing conditions and facilitates 

cross-layered coordination across various dimensions of operations (Mousa et al., 2024). Importantly, agentic 

systems represent intentionality in that they pursue defined goals over time instead of responding to singular 

events (Jannelli et al., 2025). Thus, artificial agents become persistent organizational actors that exist within the 

supply chain rather than as analytical tools that exist outside the realm of decision-execution (Butner, 2010). 

The advent of agentic autonomy brings forth new organizational and control issues that go beyond technical 

optimization (Cheong, 2024). When artificial agents are granted the authority to make decisions autonomously, 

questions emerge concerning accountability, oversight, trustworthiness and compliance (Kacianka & Pretschner, 

2021). Traditional governance structures in supply chains assume that decisions can be traced back to human 

managers whose actions can be audited, sanctioned or rectified through institutional processes (Kacianka & 

Pretschner, 2021). Agentic systems break this assumption by executing decisions continuously and at scale, often 

based upon complex learned representations that may not be easily understandable (Cheong, 2024). Without 

explicit governance structures, such autonomy can create opaque decision outcomes, violations of regulatory 

compliance, and unforeseen systemic behaviors (Phiri, 2025). These risks are exacerbated in global supply 

networks due to differences in data sovereignty, legal jurisdiction and ethical responsibility across regions 

(Hummel et al., 2021). Consequently, the primary issue is no longer whether artificial intelligence can optimize 
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supply chain decisions, but whether autonomous decision execution can be trusted, controllable and 

institutionally legitimate (Cheong, 2024). 

This research is driven by the understanding that agentic supply chains must be designed using a governance-

first approach as opposed to being viewed as an extension of predictive analytics or automation (Kacianka & 

Pretschner, 2021). Artificially intelligent decision-executing systems require that decision authority be bounded, 

monitored and auditable by design (Phiri, 2025). Digital Twin Orchestration represents a key mechanism for 

accomplishing this goal by allowing for real-time synchronization of state, simulated validation and controlled 

execution of agentic policies within a digital representation of the supply network (Busse et al., 2021). Through 

incorporating governance constraints, traceability mechanisms and sovereignty-aware data controls into the 

decision-execution architecture, agentic supply chains can balance autonomy with accountability (Abbas et al., 

2024). The unique contribution of this study lies in reframing autonomy as an organizational control issue, rather 

than a strictly computational optimization issue, and in developing a comprehensive framework that allows 

artificial agents to serve as accountable decision-executors within complex regulated and high-consequence 

supply chain environments (Sani et al., 2024). 

Conceptual Foundations of Agentic AI in Supply Chains 

Artificial intelligence that acts as an entity in decision-making processes for extended periods of time to make 

decisions, instead of being used as analytical tools (Jannelli et al., 2025) is referred to as "agentic artificial 

intelligence." In supply chain management, the defining characteristic is not just predictive ability; however, it 

is also decision-making in the long-term sense that the decision-maker continually assesses the current operating 

condition, forms an internal representation of the current condition, selects an appropriate course of action and 

assesses the outcome of that course of action relative to specific goals (Xu et al., 2024). The reason why the 

decision-maker's continuous assessment of the environment is so important is that the supply chain is not an 

optimization problem that remains constant; it is an evolving network of relationships between all participants 

in the supply chain, which is influenced by many factors such as feedback, delay, constraints and disruptions 

(Butner, 2010). Therefore, agentic artificial intelligence is better thought of as an operational participant in the 

control structure of the supply network, able to act and coordinate its own responses to unknowns and remain 

compliant with institutional requirements (Dominguez & Cannella, 2020). 

The following properties differentiate agentic AI from standard supply chain analytics (Rolf et al., 2023): Goal-

directedness enables decision-making to be made in terms of multiple horizons, in that the decision maker 

pursues objectives such as maintaining service levels, controlling costs, increasing resilience, and achieving 

regulatory compliance as separate yet interdependent priorities across time (Xu et al., 2024). Situational 

awareness enables continuous perception, integrating real-time data from various sources, including demand 

signals, supplier availability, transportation capacity, operational status, contracts, and policies (Terrada et al., 

2020). Adaptability enables the decision maker to learn from its previous experiences and adjust its decision 

strategy when the environment changes (e.g., due to changes in seasonal patterns in demand, supplier reliability, 

port congestion, or regulatory changes) (Zhang et al., 2024). Boundedness limits the extent to which the decision 

maker can act, acknowledging that real-world supply chains are subject to limitations related to safety, 

contractually agreed upon requirements and regulatory requirements that may limit the short-term optimal use 

of resources (Papagiannidis et al., 2025). 

In order to achieve conceptual clarity, it is essential to distinguish between automation, autonomy, and agency 

(Butner, 2010), since each implies a different level of authority and accountability for decision-making. An 

automated system executes predetermined procedures and is usually depicted as conditional logic or as a 

deterministic workflow that triggers actions once certain conditions have been met (Dominguez & Cannella, 

2020). An automated system does not have an internally defined objective function that is optimized over time 

and does not adjust the logic used to determine action based on past experiences (Terrada et al., 2020). Autonomy 

extends beyond automation by allowing the system to decide which action to take from a set of predefined 

choices, and often uses optimization or learning-based prediction to identify the best possible action given a 

representation of the state (Rolf et al., 2023). Agency extends beyond autonomy by incorporating the authority 

to create new actions, pursue goals across time, adapt decision strategies based on feedback received from the 



INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue I, January 2026 

www.ijltemas.in                                                                                                                                                     Page  248 

environment, and coordinate decisions across interconnected domains (Xu et al., 2024). In a supply chain setting, 

agency implies that the decision-making process is not limited to selecting the most desirable action given a 

locally defined decision-making function, but rather determines the trajectory of operations through continuous 

decision loops (Jannelli et al., 2025). 

Delegating decision authority is the primary method through which agency becomes operational in supply chains 

(Xu et al., 2024). Delegation involves the deliberate transfer of decision authority to an artificial agent under 

clearly defined conditions and guidelines regarding when to escalate a decision to a human decision-maker, the 

scope of decision authority and how accountability will be established (Papagiannidis et al., 2025). The 

delegation concept is critical because agentic supply chains do not diminish human responsibility, but rather 

distribute decision-making responsibilities across temporal and cognitive scales (Novelli et al., 2024). High-

frequency operational decisions (such as inventory rebalancing, carrier selection, replenishment timing, and 

exception handling) frequently require rapidity and consistency that exceeds the capabilities of humans (Butner, 

2010). Through delegation, those types of decisions can be performed by an agent, whereas humans maintain 

authority over strategic parameters, constraint definition, risk tolerance and override authority (Raji et al., 2020). 

As a result, the effectiveness of an agentic system is dependent on the institutional mechanisms employed for 

delegation as much as the predictive accuracy and optimization performance of the underlying algorithms 

(Papagiannidis et al., 2025). 

An agentic decision-maker's behavior in supply chains should be viewed as an adaptive controller in a coupled 

dynamic system (Garvey et al., 2015). A supply chain state represents the changing configurations of the 

following variables: inventory positions, capacity assignments, lead times, transportation network conditions, 

backlog orders, supplier performance and policy constraints (Rolf et al., 2023). When an agent takes an action, 

the state changes; the changed state subsequently alters the probability distribution of potential future 

occurrences (Oroojlooyjadid et al., 2022). Due to this feedback relationship, there exists path dependency; i.e., 

early decisions can alter the feasible options for subsequent decisions, possibly generating additional risks by 

creating cascading effects (e.g., stockout, expedited shipping, overtime labor, penalty clauses) (Chaharsooghi et 

al., 2008). Therefore, agentic decision-making is inherently sequential and requires thinking about the future 

consequences of an action and not solely selecting the optimal action at a point in time (Kim et al., 2024).  

An expected utility framework is one way to concisely represent the decision logic of an agentic decision-maker 

(Oroojlooyjadid et al., 2022). Expected utility calculates the sum of the expected utility of a particular action, 

expressed in terms of the possible future states of the world, each weighted by its associated probability of 

occurrence given that the action has been taken (Chaharsooghi et al., 2008). Mathematically, the framework can 

be expressed as follows (Rolf et al., 2023). 

𝔼[𝑈]   =   ∑𝑃(𝑠 ∣ 𝑎) 𝑅(𝑠, 𝑎)

𝑠∈𝒮

 

 

The above expression can be viewed as follows; the Expected Utility [E[U]] denotes the expected utility for 

selecting action 'a', S denotes the set of all relevant system states, P(s|a) denotes the probability of achieving state 

's' given action 'a' and R(s,a) denotes the rewards or value that results from the state-action pair (Oroojlooyjadid 

et al., 2022). As stated by Kim et al. (2024), in supply chains, the reward term is generally a composite of several 

metrics: cost, service level, timeliness, compliance adherence and risk exposure (Papagiannidis et al., 2025). 

Therefore, the probability term is similarly complex due to the variety of sources of uncertainty that exist in 

supply chains, including demand variability, supplier disruption, transportation delay and policy change (Burgos 

& Ivanov, 2021). The conceptual value of the equation is that it shows that agent-based decision making is not 

a single-step optimization, but rather a probabilistic assessment of the implications of taking an action relative 

to an organization’s goals (Xu et al., 2024). 

When contrasting the use of inference versus control, the distinction between Agent Based Decision Making and 

traditional predictive analytics will become even clearer (Rolf et al., 2023). Traditional predictive analytics 

primarily focuses on forecasting future events and quantifies future events including lead time, demand, 
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equipment failures, delay risks etc. (Butner, 2010). While predictive analytics can produce extremely high-

quality predictions, the inability of organizations to react in a timely manner can render these predictions useless 

(Dominguez & Cannella, 2020). On the other hand, agent-based decision-making systems incorporate the control 

process by integrating both the inference process and the selection of an action along with the execution of the 

action (Jannelli et al., 2025). The agent-based decision-making system utilizes predictive signals as input to a 

policy that determines what action to take, when to take it and how to coordinate among various nodes (Xu et 

al., 2024). By incorporating the control function into the decision-making process, agent-based decision-making 

systems reduce the decision-making cycle time and increase the predictability of the organization's responses, 

allowing the organization to adapt to changing conditions more quickly than would be possible using human 

decision-making alone (Terrada et al., 2020). 

Agent-based decision-making systems differ from traditional optimization methods in the way they define and 

implement the objective functions and constraints (Papagiannidis et al., 2025). Optimization problems 

traditionally rely upon a fixed objective function, well defined constraints, and full knowledge of the situation 

at the start of the planning period (Butner, 2010). However, real-world supply chains consistently violate these 

assumptions due to limited visibility, delayed access to information, and continually changing constraints 

(including changes to contracts, changes to compliance obligations, and capacity shocks) (Garvey et al., 2015). 

Agent-based decision-making systems can operate effectively under partially observable conditions by 

developing and maintaining internal beliefs about the world, updating those beliefs as additional information 

arrives and selecting actions that are robust against uncertainty (Rolf et al., 2023). Constraints are not viewed as 

static inputs but rather as parameters that evolve over time and constrain the range of available actions (Novelli 

et al., 2024). This approach views the governance and definition of constraints as primary theoretical constructs 

as opposed to implementation details (Raji et al., 2020). 

An important aspect of the conceptual framework is the temporal nature of decision making in supply chains 

(Butner, 2010). A number of key supply chain outcomes arise from the accumulation of effects over time, such 

as progressive inventory depletion, compounding delays, and demand amplification (Burgos & Ivanov, 2021). 

To accommodate this temporal structure, agent-based decision-making systems optimize decisions as a sequence 

of decisions rather than as a series of discrete decisions (Oroojlooyjadid et al., 2022). This means that agent -

based decision-making systems need to have the capability to assess the long-term impacts of the decisions made 

today, such as how today's expediting decisions impact tomorrow's cost base, supplier behavior and service 

volatility (Kim et al., 2024). Thus, while agent-based decision-making systems represent a significant 

improvement over traditional decision-support systems in terms of speed and responsiveness (Dominguez & 

Cannella, 2020), they represent a fundamentally different decision-making paradigm, in that continuous policy-

driven execution constitutes the primary mechanism for maintaining the stability and performance of the supply 

network under uncertainty (Xu et al., 2024). 

Another area in which agent-based decision-making systems provide a conceptual differentiator is coordination 

(Xu et al., 2024). Supply chains consist of numerous functional areas, including procurement, product ion, 

warehouse management, transportation and fulfillment, each with its own specific constraints and performance 

measures (Lee et al., 2008). Traditional analytics generally provide optimizations within individual silos or 

provide coordination via periodic planning cycles (Butner, 2010). Agent-based decision-making systems provide 

coordination across functional areas by viewing the supply chain as a shared environment in which multiple 

decision entities act (Terrada et al., 2020). Coordination can occur through shared state representations, 

hierarchical decision structures, or negotiated action protocols (Dominguez & Cannella, 2020). The conceptual 

implication of this is that performance is not dependent on the degree of "intelligence" of a particular model but 

is instead dependent on the structure of interactions among the agents, the degree of alignment of the objectives 

of the agents and the governance rules that regulate the potential for adverse competition or oscillatory behavior 

(Zhang et al., 2024). 

Once decision authority has been delegated to the agents, it is natural to consider questions related to 

trustworthiness (Novelli et al., 2024). Trustworthiness in this case refers to the institutional property that emerges 

from the alignment of agent behavior with the intended purpose of the organization, the applicable regulatory 

requirements and the accountability mechanisms that govern the behavior of the agents (Papagiannidis et al., 
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2025). Agents may be capable of producing very accurate predictions, producing high levels of cost savings and 

still be untrustworthy if their decisions are opaque, unverifiable, or non-compliant with applicable regulations 

(Raji et al., 2020). Trustworthiness thus becomes a characteristic of the entire socio-technical system, including 

the specification of the constraints, the specification of the escalation pathways, the logging of decision 

provenance and the capability to recreate and evaluate the rationale for the decisions made during execution 

(Novelli et al., 2024). Thus, this conceptual shift enables researchers to broaden the scope of supply chain 

research from a narrow focus on the achievement of performance metrics to a broader focus on governable 

autonomy (Raji et al., 2020). 

In total, these conceptual foundations establish agent-based decision-making in supply chains as a distinct 

research area that goes beyond automation and predictive analytics (Jannelli et al., 2025). The defining difference 

is the delegation of decision authority to continuous policy driven execution, which transforms supply chain 

control into an adaptive system problem that is inextricably linked with governance, accountability, and 

legitimacy (Xu et al., 2024). By establishing clear definitions and distinguishing between automation, autonomy, 

and agency, the conceptual framework establishes the necessary foundation for serious discussions regarding 

how delegated decision-making agents behave in dynamic supply networks, how the objectives of these agents 

should be constructed, and how trustworthiness can be established as a measurable characteristic of the entire 

system as opposed to merely a desired managerial outcome (Papagiannidis et al., 2025). 

Digital Twin Orchestration as the Decision Execution Substrate 

Descriptive digital twins provide situational awareness through visualizations of supply chain activities and asset 

flows; however, they remain passive artifacts and do not support decision-making authority (Kritzinger et al., 

2018; Negri et al., 2017). Since decision authority was located outside the digital twin, with either a planner or 

downstream analytical tool providing recommendations for action, the descriptive digital twin functioned as an 

observational artifact, and not an active control mechanism (Negri et al., 2017) – its primary limitation being 

insufficient for decision support during periods of extreme supply chain volatility (Burgos & Ivanov, 2021). 

A key conceptual distinction is that descriptive digital twins differ from operational digital twins (Fuller et al., 

2020). Descriptive digital twins are focused on representing the state of the system for purposes of interpretation 

and analysis, whereas operational digital twins are focused on influencing the state of the system (Tao et al., 

2018). An operational digital twin is capable of internally updating its own state in real-time, and in doing so, is 

tightly-coupled to interfaces for validating decisions and executing actions (Wang et al., 2022). This tight -

coupling between the digital twin and AI-driven decision logic and physical supply chain operations, enables 

the digital twin to function as an intermediary between those two spaces (Ivanov & Dolgui, 2021). Therefore, in 

the context of agentic supply chains, the operational digital twin represents the substrate upon which autonomy 

is exercised in a controlled and auditable manner (Raji et al., 2020). Moreover, the transformation from a digital 

twin functioning as a "mirror" of reality, to one that functions as an "execution environment," fundamentally 

alters how decisions affect the physical world (Grieves & Vickers, 2017). 

The ability of an operational digital twin to function as a decision-execution substrate is predicated upon the 

existence of real-time state-synchronization capabilities (Fuller et al., 2020). The state of a supply chain is 

constantly evolving due to changing order demand, shipment movement, consumption of capacity, and 

disruption events (Ivanov & Dolgui, 2021). As such, the state of the supply chain is reflected through a myriad 

of disparate data streams that originate from a variety of sources, including enterprise systems, sensors, logistics 

platforms, and partner networks (Lee et al., 2015). The digital twin consolidates these disparate data streams into 

a coherent state representation that accurately captures the current configuration of the supply network (Wang 

et al., 2022). For state-synchronization to occur, it is not sufficient to merely ensure temporal alignment of the 

state representations of the digital twin and the physical supply chain. Additionally, there must exist semantic 

consistency across decision contexts regarding how inventory quantities, lead-times, and capacity constraints 

are interpreted (Tao et al., 2019). If such semantic consistency does not exist, autonomous agents will make 

decisions based on inaccurate or conflicting information, which will undermine both the performance and 

trustworthiness of the decision-making process (Novelli et al., 2024). 
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State-synchronization can be formally expressed as a state-update function in which the internal state of the 

digital twin is updated based upon the receipt of new observations (Fuller et al., 2020). If we denote the internal 

state of the digital twin at time t as x_t, and if we denote the set of new observations received from the physical 

system at time t as o_t, then the state update can be represented as follows: 

𝑥𝑡 = 𝑔(𝑥𝑡−1, 𝑜𝑡) 
Where g denotes the state-reconciliation function that combines new observations with prior state estimates to 

produce a consistent state representation (Tao et al., 2019). The state-reconciliation function is critical to the 

development of accurate state representations, and the accuracy of the state representation has significant 

implications for the reliability of downstream agentic decision-making (Ivanov & Dolgui, 2021). 

Additionally, digital twins enable event-driven simulation that serves as the second key capability that enables 

digital twins to evolve from descriptive artifacts to operational control substrates (Kritzinger et al., 2018). Supply 

chain actions result in cascading effects that occur over time and space (Ivanov & Dolgui, 2021). A decision to 

expedite shipments, alter production schedules, or reallocate inventory will impact downstream availability, 

upstream replenishment signals, transportation utilization, and contractual performance (Burgos & Ivanov, 

2021). Event-driven simulation enables the digital twin to model how state transitions occur in response to 

actions, thereby enabling the digital twin to simulate the effects of actions (Tao et al., 2018). Consequently, 

event-driven simulation enables the digital twin to react proactively to potential disruptions, and not reactively 

once the disruptions have occurred (Fuller et al., 2020). This proactive capability is particularly important in 

agentic supply chains where decisions are made and executed at machine-speed (Wang et al., 2022). 

Simulation within the digital twin supports decision evaluation by estimating future trajectories based on 

alternative actions (Tao et al., 2018). We can represent the projected future state as follows, where a_t denotes 

a candidate action proposed by an agent at time t, and f represents the system-dynamics encoded within the 

digital twin: 

𝑥𝑡+1 = 𝑓(𝑥𝑡, 𝑎𝑡) 
This representation highlights that actions are evaluated within the digital twin prior to their impact on the 

physical system (Fuller et al., 2020). The function f incorporates physical constraints, policy rules, and 

environmental responses to determine whether an action violates feasibility or governance constraints, and if so, 

what modifications should be made to the action (Reichert & Weber, 2012). Therefore, simulation can serve as 

a gatekeeping mechanism that ensures autonomous decision-making aligns with organizational intent and 

operational realities (Novelli et al., 2024). 

Furthermore, beyond single-step projections, event-driven simulation enables the estimation of multi-step 

trajectories across time horizons (Kritzinger et al., 2018). This capability enables the digital twin to estimate 

cumulative effects resulting from sequential actions, such as inventory depletion, service degradation, and/or 

cost escalation (Ivanov & Dolgui, 2021). By simulating these trajectories, agents can select actions that maximize 

long-term outcomes, rather than responding myopically to short-term signals (Wang et al., 2022). Temporal 

reasoning, facilitated by the digital twin-mediated execution process, distinguishes digital twin-mediated 

execution from rule-based automation and enhances stability in highly dynamic environments (Tao et al., 2019). 

Furthermore, temporal reasoning reduces the likelihood of oscillatory behavior, whereby rapid reactions 

exacerbate volatility, rather than dampen it (Burgos & Ivanov, 2021). 

Additionally, digital twins function as mediators between decision-intelligence generated by autonomous-agents 

and enterprise-execution systems (Lee et al., 2015). In a governed architecture, agents do not invoke execution 

commands on enterprise-platforms directly (Raji et al., 2020). Instead, proposed actions are instantiated within 

the digital twin, and are subsequently validated against constraints, including capacity limits, contractual 

commitments, regulatory requirements, and risk thresholds (Reichert & Weber, 2012). Actions that meet these 

constraints are converted into executable commands (Wang et al., 2022). The mediation-layer established by the 

digital twin separates learning-processes from execution-interfaces, thereby preventing direct instability of 

operations resulting from policy-exploration and adaptation (Novelli et al., 2024). Thus, the digital twin 
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represents a separation between decision-reasoning and physical actuation, which is necessary for establishing 

trustworthiness in autonomous-decision-making (Kacianka & Pretschner, 2021). 

Furthermore, the mediation-layer provided by the digital twin facilitates coordination among multiple 

autonomous-agents operating in different functional-domains (Monostori et al., 2016). In agentic-supply-chains, 

procurement, production, logistics, and fulfillment agents may pursue objectives that interact through shared 

resources and constraints (Ivanov & Dolgui, 2021). The digital twin represents a shared-state-representation and 

orchestration-environment where competing actions can be evaluated collectively (Wang et al., 2022). Through 

orchestration, the digital twin resolves conflicts, prioritizes actions, and enforces system-wide policies that 

supersede individual-agent-objectives (Reichert & Weber, 2012). Hence, the digital twin transforms the supply-

chain into a coherent multi-agent-system, rather than a collection of independent decision-silos (Van der Aalst, 

2016). 

Finally, from a governance-perspective, the orchestration-capabilities of the digital twin facilitate accountability 

and traceability by integrating decision-evaluation into the execution-pathway (Raji et al., 2020). With each 

decision, a sequence of state-assessments, simulations, and validations occurs, and these events can be logged 

as part of an execution-log (Van der Aalst, 2016). The execution-log enables post-execution reconstruction of 

decision-rationale, including the state-conditions considered, actions evaluated, and constraints enforced 

(Kacianka & Pretschner, 2021). This traceability is essential for demonstrating compliance with regulatory and 

contractual obligations in autonomous-environments (Novelli et al., 2024). Descriptive-twins do not possess this 

capability, as they observe outcomes without capturing the internal decision-process that produced those 

outcomes (Negri et al., 2017). 

The orchestration-role of digital twins also transforms the temporal-structure of supply-chain-control (Fuller et 

al., 2020). Traditional-planning-processes operate on periodic-cycles, resulting in latency between observing the 

state-of-the-system and taking-action (Ivanov & Dolgui, 2021). However, digital-twin-mediated-execution 

enables continuous-decision-loops where state-changes immediately initiate evaluation and response (Wang et 

al., 2022). This temporal-compression improves responsiveness while maintaining stability through simulation-

based-validation (Tao et al., 2019). The digital-twin functions as a stabilizing-buffer that reconciles the speed of 

autonomous-decision-making with the caution required for high-consequence-operations (Kacianka & 

Pretschner, 2021). 

Ultimately, the digital twin becomes the locus where strategic-objectives, operational-constraints, and 

regulatory-requirements converge into executable-control-logic (Raji et al., 2020). Organizations can delegate 

operational-autonomy, while retaining accountability, through the centralized mediation of decision-making 

within the digital-twin (Novelli et al., 2024). Thus, digital-twin orchestration represents foundational-

infrastructure for agentic-supply-chains, rather than an auxiliary-visualization-technology (Grieves & Vickers, 

2017). It enables responsible-autonomy-at-scale, while preserving-trust, control, and institutional-legitimacy 

(Ivanov & Dolgui, 2021). 
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Figure 1: Digital twin supply chain architecture  

 

This architectural model shows how an operational digital twin can be used as a central control and execution 

platform that serves as a bridge between decision intelligence (agentic) and enterprise execution systems, to 

transform a digital twin from a passive reflection tool into an active control mechanism. The upper layer consists 

of multiple, independent, decision-making domains such as supply planning, production fulfillment, and 

transport optimization, all producing policy-driven action recommendations based upon objective functions, 

constraint functions and learned strategies. None of these agents will act upon physical systems. Their proposed 

actions and state queries will flow down to the digital twin's orchestration layer through continuous 

synchronization of states. Within the digital twin, the various disparate real-time data streams from IoT sensors, 

telematics, ERP transactions, partner systems and inventory records, are merged into a single, semantically-

aligned representation of the supply chain state. Therefore, when the agents make decisions, they are always 

grounded within a coherent and up-to-date view of the entire system. Using an event-based simulation and 

validation module within the digital twin, proposed actions are evaluated based upon their downstream effects 

propagated through encoded system dynamics, capacity constraints, governing rules and compliance policies, 

allowing for predictive analysis of potential congestions, delays, inventory imbalances and/or policy infractions 

prior to the implementation of those actions. The simulation-based validation step ensures that the proposed 

actions pass both feasibility tests and risk thresholds to ensure that only those actions that meet both the 

operational, contractual and regulatory requirements are approved. Approved actions are subsequently 

transformed into safeguarded, deterministic control commands and sent via standard Enterprise Application 

Programming Interfaces (APIs) to the appropriate execution platforms including Warehouse Management 

Systems, Supply Chain Management Systems, Enterprise Resource Planning Systems and Transport Control 

Platforms. These execution systems remain responsible for executing physical activities, i.e., ordering, dock 

scheduling, purchasing, routing, and compliance enforcement, while the digital twin remains responsible for 

maintaining transactional consistency and coordinating the different domain-based execution systems. 

Throughout this process, the digital twin tracks changes in states, the results of the validation processes and the 
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results of the execution decisions made into audit trails and logs and therefore provides transparency and 

accountability to the autonomous decisions made. As such, the digital twin represents a closed-loop control 

system where the actual-world execution continually updates the twin’s state, the agents update their policies 

based upon the synchronized feedback from the twin and the twin acts as a buffer to slow the rate at which the 

agents learn compared to the rate at which they execute through simulation-based caution. Ultimately, the 

architecture described above represents a hierarchical but tightly-coupled control architecture that allows for 

real-time, decentralized, agential decision-making while maintaining corporate-wide 

responsibility/accountability/safety/alignment across complex supply chains. 

Reference Architecture for Trustworthy Agentic Supply Chains 

The reference architecture for a trustworthy Agentic Supply Chain (ASC) creates a structural framework that 

integrates the attributes of autonomy, trust and governance as a unified system property (Raji et al., 2020). 

Instead of viewing autonomy as an emergent product of advanced analytics, the reference architecture defines 

how decision authority is allocated, enforced, constrained, and monitored throughout the supply chain 

(Papagiannidis et al., 2024). Due to the inability of post-execution monitoring and organizational policy to 

effectively govern autonomic behavior, it is crucial to provide a structured representation of trustworthy 

autonomy in the connection between data perception, decision reasoning, action execution and oversight 

(Mitchell et al., 2019).  

 

The Reference Architecture for ASCs is composed of multiple layers. The Data Ingestion and Contextualization 

Layer serve as the foundational layer of the reference architecture (Batini et al., 2009). Supply Chains generate 

large amounts of unstructured and heterogeneous signal types (transactional record; sensor telemetry; logistics 

event; communication from partners; regulatory data), (Koot et al., 2021). However, raw ingestion of these 

signals is insufficient for enabling agents to make autonomous decisions, as autonomous agents require 

semantically consistent and contextually relevant representations of the current state of the system (Simmhan et 

al., 2005). The contextualization of diverse signals enables the creation of a consistent view of the state of the 

system through the creation of a standardized and interpretable state representation (e.g., effective inventory 

availability; capacity commitments; lead time distributions; compliance constraints), (van der Aalst, 2016). 

Additionally, the resolution of temporal alignment enables a common view of the system at each point in time 

(Abideen et al., 2021). Therefore, the Data Layer enables agents to reason about the system with a level of 

situational awareness similar to that possessed by the organization and not just individual metrics (Hummel et 

al., 2021). 

In addition to integrating data, the Data Layer also performs normalization, validation, and uncertainty 

representation (Batini et al., 2009). Supply Chain data is often delayed, incomplete, and/or noisy (due to delays 

in reporting, differences in data reporting practices between partners, and operational disruptions), (Chandola et 

al., 2009). Therefore, the Data Layer is also responsible for estimating confidence in data representations and 

detecting anomalies in order to inform downstream decision-making logic (Chandola et al., 2009). The 

architecture does not mask uncertainty, but instead presents it as an explicit component of state representations 

(Zhou et al., 2025). This enables agents to adjust their decision-making aggressiveness in response to lower 

levels of confidence in state representations (Xia et al., 2020). Therefore, the Data Layer is not only a conduit 

for information flow, but also a control mechanism that influences both the quality and reliability of autonomous 

decision-making (Simmhan et al., 2005). 

The Decision Intelligence Layer transforms contextualized state representations into executable policies 

(Oroojlooyjadid et al., 2022). The Decision Intelligence Layer comprises of various components (forecasting, 

optimization, learning, and reasoning) that compare alternative courses of action against organizational 

objectives (Kim et al., 2024). Unlike traditional analytics, the Decision Intelligence Layer does not simply create 

recommendations for course of action, but creates executable policies that can be autonomously acted upon 

(Oroojlooyjadid et al., 2022). Organizational objectives are represented as multi-dimensional value functions 

that balance cost, service, resilience, compliance and risk exposure (Xia et al., 2020). Constraints representing 

governance and regulatory requirements are integrated into policy evaluation (Feinberg & Schwartz, 1995). 
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Therefore, the architecture ensures that intelligence and governance are not separate concerns, but co-

determinants of decision outcomes (Raji et al., 2020). 

Unlike traditional analytics, the Decision Intelligence Layer in Agentic Supply Chains operates continuously 

rather than episodically (Oroojlooyjadid et al., 2022). Policies are revised in real-time as new information 

becomes available, and as outcomes indicate changes in the dynamics of the system (Kim et al., 2024). 

Continuous adaptation requires mechanisms to stabilize the decision-making process to avoid oscillating 

behavior or reacting too aggressively to transitory signals (Xia et al., 2020). Stability is ensured through policy 

smoothing, horizon-based evaluation, and constraint-aware optimization (Feinberg & Schwartz, 1995). The 

architecture ensures that learning processes remain aligned with organizational intent by separating policy 

generation from execution and validating proposed actions downstream (Laato et al., 2022). In this manner, the 

Decision Intelligence Layer produces intent, rather than action, and retains execution authority for downstream 

layers (Papagiannidis et al., 2024). 

The Agent Execution and Coordination Layer is the location of autonomy within the architecture (Kim et al., 

2024). Agents operating within this layer are responsible for executing decisions within delegated domains 

(inventory allocation; transportation routing; supplier selection, etc.), (Oroojlooyjadid et al., 2022). Each agent 

has a defined action space, authority boundary and escalation protocol (Raji et al., 2020). The coordination of 

agents is necessary, since supply chain decisions interact with one another through shared resources and 

constraints (Kim et al., 2024). The architecture facilitates coordination through shared state representations, 

hierarchical control relationships and arbitration mechanisms that resolve conflicts among competing actions 

(Monostori et al., 2016). This coordination ensures that local optimizations do not undermine overall system 

performance (Koot et al., 2021). 

Agent execution within the architecture adheres to the principles of Bounded Autonomy (Feinberg & Schwartz, 

1995). Agents have the authority to execute actions independently within predetermined boundaries, but are 

subject to constraint enforcement and oversight (Haskell & Jain, 2013). Proposed actions of agents are not 

executed directly upon physical systems. Rather, proposed actions are forwarded through validation mechanisms 

to determine whether actions meet feasibility, compliance and policy criteria (Raji et al., 2020). This separation 

enables agents to execute actions rapidly, while maintaining safeguards to protect the organization from 

unintended consequences (Papagiannidis et al., 2024). The Execution Layer, therefore, realizes autonomy 

without relinquishing control (Laato et al., 2022). 

The formal expression of agent execution within the architecture can be formulated as a constrained action 

selection process (Feinberg & Schwartz, 1995). Let the symbol * represent the action selected for execution and 

let A represent the set of all feasible actions given the current state x and governing constraints C. The execution 

rule can be expressed as 

𝑎∗ = arg⁡ max⁡
𝑎∈𝐴(𝑥,𝐶)

𝑉(𝑥, 𝑎) 

where V represents the value function generated by the Decision Intelligence Layer (Xia et al., 2020). The above 

formulation emphasizes that agent execution is conditioned on the feasibility and governing constraints of the 

system (Haskell & Jain, 2013). The architecture therefore ensures that agents exercise autonomy within an 

explicitly bounded decision space (Feinberg & Schwartz, 1995). 

The Governance and Oversight Layer form the Normative Backbone of the Reference Architecture 

(Papagiannidis et al., 2024). Governance is viewed as an integral component of the execution pathway and is 

not solely viewed as an audit function (Raji et al., 2020). The Governance Layer defines policies; defines 

constraints; defines escalation thresholds; and defines the mechanisms of accountability that guide both the 

evaluation of and enactment of decisions (Laato et al., 2022). Governance Rules may define Regulatory 

Requirements; Contractual Obligations; Ethical Principles; and Organizational Risk Tolerances (Hummel et al., 

2021). By embedding such rules in the architecture, the system is able to ensure that autonomous decisions 

continue to be institutionally legitimate, even as they evolve over time in response to changing conditions 

(Mitchell et al., 2019). 
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Oversight Mechanisms within the Governance Layer include Decision Logging; Traceability; and Intervention 

Controls (Simmhan et al., 2005). Each autonomous decision is associated with a Record of State Conditions; 

Evaluated Actions; Considered Actions; and Enforced Constraints (van der Aalst, 2016). Such a record supports 

Auditability and facilitates Post-Execution Analysis of System Behavior (Raji et al., 2020). Oversight also 

involves mechanisms by which Humans can Intervene When Decisions Exceed Predefined Risk Thresholds, or 

When Uncertainty Exists Regarding Autonomous Execution (Mitchell et al., 2019). Oversight is designed to 

Operate at Appropriate Temporal Scales to allow Human Judgment to Supervise Patterns and Policies Rather 

Than Individual Actions (Papagiannidis et al., 2024). Designing Oversight to Operate at Strategic Levels Rather 

than Operational Levels allows Human Judgment to Align with Strategic Governance Rather than Micromanage 

Operational Activities (Laato et al., 2022). 

The Integration of Governance with Execution Differentiates This Reference Architecture from Conventional 

Control Tower Or Automation Frameworks (Raji et al., 2020). Traditional Systems Often Rely on External 

Audits, or Periodic Reviews to Ensure Compliance (Laato et al., 2022). The Proposed Architecture Embeds 

Governance Within the Decision Loop Itself (Papagiannidis et al., 2024). The Integration of Governance and 

Execution Transforms Trustworthiness from an Aspirational Attribute to Measurable System Property (Mitchell 

et al., 2019). Autonomy, Trust, and Governance Are Not Competing Objectives but Mutually Reinforcing 

Elements Realized Through Architectural Design (Raji et al., 2020). 

This Reusable Reference Architecture Provides a Blueprint That Can Be Adapted Across Industries and 

Operational Contexts (Koot et al., 2021). The Layered Structure Allows for Modular Implementation Allowing 

Organizations to Incrementally Adopt Agentic Capabilities While Maintaining Governance Continuity 

(Monostori et al., 2016). By Formalizing the Relationships Among Data Perception; Decision Intelligence; 

Execution; and Oversight the Architecture Advances Supply Chain Research Beyond Isolated Algorithmic 

Contributions (Abideen et al., 2021). The Architecture Establishes a Systems Level Foundation for Trustworthy 

Agentic Supply Chains Able to Operate Responsibly in Complex Regulated and High-Consequence 

Environments (Papagiannidis et al., 2024). 

Figure 2: Reference Architecture for Trustworthy Agentic Supply Chains 
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A Layered Reference Architecture for Trustworthy Autonomy within Agentic Supply Chains integrates Data 

Perception, Decision Intelligence, Execution, and Governance in a Single Controlled Decision Loop. The layers 

are designed to be vertically integrated to provide a complete picture of each component of the architecture. The 

first layer, Data Ingestion and Contextualization, is at the base of the architecture. It captures real-time signals 

from enterprise systems (e.g., ERP, WMS, TMS), other data sources (e.g., telemetry, partner communications, 

logistics events, regulatory data) and normalizes, temporally aligns, estimates confidence and detects anomalies 

to create an uncertainty aware system state. The Data Ingestion and Contextualization layer sends its output to 

the second layer, Decision Intelligence, which has four main components: Forecasting, Optimization, Learning, 

and Policy Generation. The Decision Intelligence layer continuously generates executable agent policies based 

on organizational objectives and constraints and not simply static recommendations. These policies are then sent 

to the third layer, Agent Execution and Coordination. Agents in the Agent Execution and Coordination layer are 

domain specific (inventory allocation, transport orchestration, etc.) and have limited autonomous capabilities; 

they coordinate with each other using their common policy context to generate validated commands to physical 

systems. All valid commands produced by the agents are sent through the fourth layer, Action Validation and 

Contextualization, to ensure compliance with organization objectives, constraints, and risk thresholds before 

those commands are executed. The Action Validation and Contextualization layer produces audit records and 

logs of all valid actions taken by the agents and safeguards these logs to support future traceability and 

accountability. Finally, the fifth layer, Guardian Agent and Governance, is the overarching layer of the 

architecture. It receives trust signals from system behavior, audit evidence, and performance outcomes and 

supports human oversight by providing dashboards, reports, escalation paths and intervention controls. While 

control flows are primarily top down in the form of policies, constraints, and authority boundaries, feedback 

flows are primarily bottom up in the form of telemetry, outcomes, and audit signals and as such creates a closed-

loop system in which autonomy, trust, and governance are not external add-ons but part of the architecture itself. 

Agentic Decision Intelligence and Levels of Autonomy 

Agentic decision intelligence in the area of supply chains requires a specific determination of how autonomy 

will be assigned to decision-making areas (scopes) and organization levels (Parasuraman et al., 2000). Without 

such assignment, autonomous systems run the risk of either not performing adequately because they were overly 

constrained; or autonomously overstepping to the point that they violate the principles of stability, compliance, 

and accountability. A structured method of determining the degree of artificial decision-making capabilities in 

relation to organizational intent has been identified as "levels of autonomy" (Parasuraman et al., 2000). Levels 

of autonomy recognize that the amount of autonomy that should be given to artificial agents varies significantly 

among decisions regarding the degree of independence required, temporal urgency, and level of risk tolerance. 

The formalization of these distinctions is necessary for establishing controlled autonomous decision-making, as 

opposed to permitting uncontrolled autonomy and enabling meaningful operational adaptations. 

There is a basic distinction between task-level autonomy and system-level autonomy (Scerri et al., 2002). Task-

level autonomy applies to decisions related to a narrow scope of tasks that operate within defined boundaries 

(e.g., adjusting reorder quantities; selecting carriers; redistributing inventory across proximate nodes). These 

types of decisions are usually repetitive, time-sensitive, and have clearly defined constraints. Artificial agents 

are able to execute these decisions rapidly and consistently without requiring continuous human intervention. 

On the other hand, system-level autonomy involves decisions that affect the structure of the supply chain as a 

whole (e.g., configuring the supply chain; determining sourcing strategies; investing in capacity). These 

decisions are characterized by a higher degree of uncertainty, a longer time horizon, and higher organizational 

risk. Therefore, agentic architectures need to determine which decisions are capable of being executed 

autonomously by artificial agents, and which decisions require human authorization or collaborative oversight.  

In addition to providing a distinction between task-level and system-level autonomy, the distinction between 

these two types of decisions also represents a difference in terms of decision coupling and consequences of 

decision-making (Klein et al., 2004). Decisions made at the task level generally result in localized effects that 

can be corrected or reversed with minimal impact to the rest of the supply chain. Conversely, decisions made at 

the system level may change the possible courses of action available to multiple subsequent processes, and create 

path dependencies that are difficult to reverse. Organizations can utilize this understanding to develop autonomy 
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regimes that allow artificial agents to make decisions where those decisions offer the greatest value-added, while 

maintaining human oversight of decisions that have strategic or ethical implications. This layered approach to 

agentic intelligence and organizational governance avoids replacing one with the other. 

Another fundamental principle in agentic decision intelligence is the distinction between policy learning and 

policy execution (Schulman et al., 2017). Policy learning relates to the process by which an artificial agent learns 

to update its internal decision logic, based upon the results of past decisions; the receipt of new data; or changes 

in the supply chain environment. Policy execution, conversely, relates to the actual execution of decisions that 

ultimately affect the physical supply chain. Combining these functions creates instability, since exploratory 

learning behaviors may negatively affect operations. Separating learning from execution provides assurance that 

adaptive improvements to decision policies are both evaluated and validated prior to being deployed into live 

operational environments. This separation also allows learning to continue continuously, while ensuring that 

execution remains predictable and governable. 

Separating learning from execution also facilitates organizational accountability (Mitchell et al., 2019). Policies 

developed through the learning process are subject to review, testing, and validation within existing 

organizational governance structures prior to expansion of execution authority. This process mimics the standard 

practice in safety-critical systems, in which control logic is verified and validated prior to deployment. In agentic 

supply chains, the separation enables the use of digital twins for evaluating the performance of learned policies 

in simulated scenarios (Mitchell et al., 2019). Execution authority is only granted once learned policies have 

demonstrated satisfactory performance, stability, and compliance. This design principle converts learning into a 

controlled mechanism for ongoing improvement, instead of a potential source of risk. 

Bounded autonomy is the mechanism for establishing operational limitations on the decision authority provided 

to artificial agents (Altman, 1999). Instead of providing artificial agents with complete freedom of action, 

bounded autonomy defines specific limits on the scope, magnitude, and type of actions that can be taken by 

agents. These limits may take the form of quantitative thresholds (e.g., the maximum amount of inventory that 

can be reallocated), temporal constraints (e.g., the maximum number of decisions that can be made per unit of 

time), or qualitative constraints (e.g., the suppliers from whom orders cannot be placed; the geographic regions 

in which the agents are not allowed to operate). The primary purpose of bounded autonomy is to ensure that 

artificial agents continue to act in accordance with the organizational risk tolerance and regulatory requirements,  

regardless of the degree of autonomy that is granted to them. Importantly, the bounds applied to artificial agents' 

decision-making authority do not remain static, but rather are dynamically modified as the confidence in the 

ability of the agents to make decisions increases, or as the operating conditions of the supply chain change. 

In addition to recognizing the importance of establishing bounds on artificial agents' decision-making authority, 

the concept of bounded autonomy also acknowledges that decision-making in supply chains occurs under 

uncertainty and with incomplete knowledge (Gu et al., 2024). By limiting the magnitude of actions that can be 

taken by artificial agents when the degree of uncertainty is high, the architecture ensures that artificial agents do 

not make aggressive decisions that exacerbate volatility. The bounds function as stabilizers that adaptively 

modulate the degree of autonomy provided to artificial agents in response to changing levels of confidence in 

their decision-making abilities and/or changes in the supply chain environment. As a result, agentic systems are 

able to maintain their effectiveness during normal operating conditions, while minimizing the degree of 

autonomy provided to artificial agents during periods of disruption or ambiguity. Bounded autonomy therefore 

provides a balance between the flexibility of artificial agents to respond to changing circumstances and the 

prudence of limiting the degree of autonomy provided to artificial agents during periods of uncertainty. 

Finally, escalation thresholds provide a formal mechanism for transitioning decision authority from artificial 

agents to human overseers when predetermined conditions are met (Kaber & Endsley, 1997). These conditions 

may relate to the potential financial impact of a decision; the likelihood of triggering regulatory exposure; the 

risk of compromising safety; or the degree of deviation from expected behavior exhibited by the artificial agent. 

When a condition is reached, the artificial agent must temporarily suspend autonomous decision-making and 

seek human approval prior to resuming autonomous decision-making. This transition mechanism ensures that 

decisions that are extraordinary or have significant consequences are subjected to appropriate levels of scrutiny, 
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while continuing to permit artificial agents to make routine decisions without delay. Therefore, escalation 

thresholds allow human judgment to be preserved in situations where it is most relevant, without creating 

operational bottlenecks in day-to-day decision-making. 

Escalation can formally be modeled as conditional control rule controlling agent actions (Ross & Varadarajan, 

1989). Let a be a suggested action and r be the risk measurement related to action a, derived from system state 

and future outcome predictions. Escalation can formally be described as follows: 

Execute(𝑎) = {
1 if 𝑟 ≤ 𝜏
0 if 𝑟 > 𝜏

 

Where τ represents the escalation limit. This formulation clearly shows that the execution authority is dependent 

upon the evaluation of the risk, instead of simply depending upon the expected values. The formulation describes 

the architectural principle that autonomy is conditional and reversible based upon governance principles. 

Although the above formulation simplifies the representation of the logic through which agentic systems remain 

controllable and accountable, it does capture the logic that enables systems comprising autonomous agents to be 

collectively governed by common constraints and objectives. 

In addition to enabling the decision-making capabilities of each agent, agentic decision intelligence also requires 

coordination among multiple agents that operate at various levels of autonomy (Amato, 2024). Task-level agents 

operate independently within their respective localized domains of operation, while system-level oversight 

agents or human supervisors ensure compliance with higher-order objectives. Mechanisms for coordinating 

agents include sharing a common state representation, establishing hierarchical control relationships, and 

establishing policy harmonization rules. These mechanisms prevent the occurrence of conflicting actions and 

ensure that local optimizations do not detract from overall system performance. Therefore, coordination enables 

autonomy to transform isolated decision-making into a collective capability governed by shared constraints and 

objectives. 

The formalization of autonomy levels has important implications regarding trustworthiness (Papagiannidis et 

al., 2024). Trust in agentic systems does not stem exclusively from performance metrics; trust arises from 

confidence that decision authority is exercised appropriately and predictably. The architecture establishes the 

boundaries of autonomous authority by defining who can make decisions about what under which conditions. 

This legibility supports both internal organizational trust and external regulatory confidence. Stakeholders can 

understand the scope of authority that is granted to individual agents, and the safeguards that restrict the exercise 

of that authority, regardless of how quickly and autonomously decisions are made by machines. 

Therefore, by structuring agentic decision intelligence using separate task and system level autonomy, separating 

learning and execution, bounding autonomy and establishing escalation limits, this framework prevents 

uncontrolled autonomy while allowing for continuous adaptive decision-making to continue (Li & Goel, 2025). 

Furthermore, autonomy is not viewed as an end-state, but rather as a calibrated capability that is situated within 

governance structures. This approach views agentic supply chains as controllable adaptive systems whose 

intelligence improves organizational decision-making, without undermining accountability or institutional 

legitimacy. 
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Figure 3: Agentic Decision Intelligence and levels of Autonomy 

 

The diagram illustrates a technically layered architecture for agentic decision intelligence that embodies multiple 

levels of autonomy while maintaining governance, safety, and human control. The architecture consists of three 

layers: the lowest layer includes enterprise transaction systems, operational data sources, and other data feeds, 

including ERP, WMS, TMS, IoT sensors, telemetry, and regulatory data that provide high-fidelity inputs to the 

architecture that define the real-time state of the supply chain. The next layer includes the decision intelligence 

layer that utilizes these input data to generate agent policies through the use of forecasting, optimization, 

learning, and policy generation modules. Importantly, this layer is responsible for generat ing policy through 

learning alone and not through direct execution, and thus allows for adaptive updates to be generated in a 

controlled manner. Once learned policies have been generated, they are forwarded to the uppermost layer, the 

agent execution and coordination layer, where autonomy is exercised within a validated action space. In this 

layer, task-level agents are responsible for making operational decisions, including, but limited to, inventory 

allocation, transport orchestration, and supplier selection. However, prior to exercising decision authority, 

proposed actions are evaluated against higher order objectives, constraints, and quantifiable risk and cost 

measures. The validation process exercises bounded autonomy through limiting the scope and magnitude of 

permissible actions and their frequencies and prevents agents from taking decisions that contravene 

organizational or regulatory limits. Additionally, this layer embeds escalation thresholds that continually assess 

decision risk and route control to the uppermost layer through explicit escalation pathways whenever decisions 

are identified as being at high risk or anomalous. The uppermost layer of the architecture is comprised of the 

human oversight and governance layer that includes guardian agents, dashboards, intervention controls, and 

external interfaces. This layer maintains decision authority over system-wide autonomy and is responsible for 

making strategic decisions, such as network reconfigurations, capacity investments, and procurement strategies, 

that require explicit human approval and are thereby excluded from autonomous execution. Through-out the 

architecture, the separation between policy learning and execution, along with the incorporation of audit logs, 
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safeguarded records, and traceable escalation mechanisms, ensures that autonomy remains conditional, 

reversible, and accountable. From a technological standpoint, the diagram encodes autonomy as a constrained 

control hierarchy in which agents optimize within delegated bounds, governance rules establish possible action 

sets, and human oversight intervenes when the risk of an action exceeds pre-defined thresholds, thereby 

integrating trust, adaptability, and institutional control into a single executable system design. 

Governance by Design in Agentic AI Systems 

Embedded Governance Constraints 

Embedded governance constraints provide the structural basis for autonomous decision-making systems in 

supply chain systems to address issues related to organizational authority and institutional accountability as they 

execute autonomous decision-making. The increasing use of artificial agents in global supply network operations 

has resulted in many of the decisions associated with sourcing allocation, routing, inventory positioning, and 

fulfillment occurring at timescales that exceed the capabilities of human decision makers (Parasuraman et al., 

2000). Therefore, as artificial agents make operational decisions, governance cannot be solely an activity that 

occurs post-execution (Papagiannidis et al., 2025) but instead must be incorporated internally into the system 

architecture itself. Constraints ensure that all autonomous decisions are made only within the bounds of what the 

organization is permitted to do and what the organization is willing to do; therefore, governance is transformed 

from a corrective process into a component of decision intelligence (Floridi & Cowls, 2019). 

In supply chain systems, governance constraints illustrate a complex intersection of trade regulations, 

contractually agreed terms, risk management policies, ethical commitments, and strategic priorities. Trade 

regulations may prohibit sourcing from a particular region. Financial governance may place restrictions on 

inventory levels or work capital utilization (Altman, 1999). Sustainability commitments may establish 

limitations on greenhouse gas emissions or require suppliers to meet certain certifications (Ivanov & Dolgui, 

2021). When constraints are embedded in the same decision environment as the agent making the decision, the 

artificial agent does not view them as separate, external check processes but as inherent components of the 

feasible action space (Altman, 1996). The incorporation of constraints into the decision-making process will 

ensure that each autonomous decision made will be aligned with the organizational obligation at the time the 

decision is made, not subsequent to the decision (Altman, 1996). 

The absence of embedded governance provides structural risk to autonomous supply chain systems. Learning-

based agents will seek to optimize their objectives based on reward functions (Sutton, 1988). If constraints are 

not embedded in the reward functions, agents may discover decision strategies that result in optimized objective 

functions (short-term) and violate regulatory or ethical constraints (Alshiekh et al., 2018). In supply chain 

systems, this may take the form of extreme cost reduction due to exploiting regulatory arbitrage, unsafe labor 

practices, or unsustainable routing options (Garvey et al., 2015). Although a post-hoc compliance review may 

identify the violation(s) after damage has occurred, it cannot prevent financial penalties, reputational harm, or 

disruption to supply. Embedded governance will eliminate this risk by preventing the artificial agent from 

exploring regions of the state-action space that are prohibited (Brunke et al., 2022). 

From a systems theory perspective, embedded governance constraints serve as invariant boundary conditions on 

agent behavior (Chow et al., 2018), defining areas of the state-action space that will be categorically excluded 

regardless of changes in environmental uncertainty or performance pressure (Chow et al., 2018). These types of 

boundary conditions are particularly important in supply chains due to the propensity for disruptions (such as 

geopolitical conflict, natural disasters, etc.) to encourage extreme decision-making (Garvey et al., 2015). By 

embedding constraints such as trade compliance, safety, and other non-negotiable constraints into the decision-

making process, the artificial agent's autonomy will not degrade into opportunistic decision-making during 

stressful periods (Lazarus et al., 2020). Maintaining the structural stability of autonomous decision-making is a 

necessary condition for the deployment of autonomous systems in mission-critical supply chains. 

Embedded governance also transforms how artificial agents perceive and reason about the supply chain 

environment (Doshi Velez & Kim, 2017). Artificial agents do not have a neutral perception of the supply chain 

environment, but rather the environment is perceived through a filter that encodes the organization's priorities. 
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For example, inventory availability will be perceived differently when some inventory cannot legally cross 

borders or when contractual agreements reserve capacity for specific customers. By embedding governance into 

the way artificial agents construct states, artificial agents will reason about the supply chain environment based 

on a representation of the environment that is institutionally valid, not physically comprehensive (Doshi Velez 

& Kim, 2017). This distinction is important because artificial agents' decisions are only as trustworthy as the 

representations upon which those decisions were made (Doshi Velez & Kim, 2017). 

The business benefits of embedded governance constraints extend beyond compliance into strategic risk 

management (Garvey et al., 2015). Supply chains operate under conditions of asymmetry of information and 

delayed feedback (Garvey et al., 2015). Decisions that appear optimal in one region of the state-space may create 

systemic risk in another region of the state-space over time due to the accumulation of exposures or cascading 

failures (Garvey et al., 2015). Embedded constraints allow organizations to proactively enforce risk limits by 

limiting decision patterns that increase fragility, even though they may appear beneficial individually (Garvey 

et al., 2015). Examples of constraints on decision patterns include supplier concentration and transportation lane 

dependencies. Organizations can algorithmically enforce such constraints to preserve long-term resilience in 

exchange for some potential short-term inefficiency. This allows organizations to link autonomous execution 

with enterprise-wide risk governance objectives. 

Embedded governance constraints also support scalability in global supply chain operations. As organizations 

grow globally, the number of regulations and contracts that must be complied with grows exponentially (Altman, 

1999). Human oversight alone cannot effectively monitor the vast numbers of autonomous decision-making 

executions that occur in supply chains on a daily basis. By incorporating jurisdiction-specific rules into the 

decision-making architecture of artificial agents, organizations can scale the governance enforcement of 

autonomous decision-making without scaling the managerial workload of monitoring autonomous decision-

making. This scalability is an important enabler for multinational enterprises that wish to deploy agentic supply 

chains in multiple regulatory environments while maintaining consistent governance standards. 

Another theoretical implication of embedded governance relates to the relationship between governance and 

learning (Brunke et al., 2022). In unconstrained learning systems, agents may explore actions that are 

institutionally unacceptable (Brunke et al., 2022). Embedded constraints limit exploration to acceptable regions 

of behavior and ensure that learning trajectories remain aligned with organizational norms (Alshiekh et al., 

2018). Such limitation does not weaken intelligence but rather focuses intelligence on viable strategies in 

practice. In supply chains, this accelerates convergence towards deployable policies since agents do not waste 

learning capacity on infeasible actions. Governance therefore increases the efficiency of learning while 

maintaining institutional integrity. 

Embedded governance also supports transparency and accountability in autonomous supply chain systems (Raji 

et al., 2020). Since constraints are explicitly represented, stakeholders can examine and validate the normative 

assumptions underlying agent behavior (Raji et al., 2020). Transparency is important for stakeholder trust 

(regulatory agencies, partners, etc.), internal governance reviews, and regulatory engagement (Raji et al., 2020). 

Rather than relying on informal assurances that systems behave responsibly, organizations can demonstrate that 

responsibility is built into the structure of the system (Raji et al., 2020). Such a demonstration of responsibility 

will strengthen organizational legitimacy and reduce barriers to the adoption of autonomous systems among 

stakeholders. 

From an organizational design perspective, embedded governance constraints change the role of managers. 

Managers move from approving individual decisions to designing and implementing the governance structures 

that guide the behavior of autonomous decision-making systems (Klein et al., 2004). This represents an elevation 

in managerial responsibilities from operational interventions to architectural stewardship (Klein et al., 2004). In 

supply chains, this allows managers to focus on strategic alignment, policy coherence, and risk posture, while 

delegating autonomous decision-making to agentic systems. Embedded governance therefore provides the 

connection between human authority and machine autonomy. 
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In conclusion, embedded governance constraints transform agentic supply chains from technical autonomous 

systems into institutionally reliable operational infrastructures (Novelli et al., 2024). By embedding compliance, 

risk tolerance, and ethical commitments into the decision architecture of autonomous systems, governance is 

transformed from a reactive safeguard to a proactive determinant of behavior (Floridi & Cowls, 2019). Such a 

transformation is required to realize the business benefit of autonomy while minimizing the risk of regulatory 

and organizational risk (Novelli et al., 2024). Embedded governance provides the necessary infrastructure for 

autonomous systems to operate responsibly and maintain control legitimacy and strategic coherence. 

Figure 4: Embedded governance constraints 

 

Rule Constrained Policy Spaces 

Embedded Governance Constraints are converted into formal Autonomy in Agentive Supply Chains via Policy 

Spaces. Embedded constraints specify what is institutionally acceptable in broad terms whereas Policy spaces 

constrain how embedded constraints limit the scope of the Actions Artificial Agents can execute. With many 

State Space possibilities and Combinatorial Complexity Decision-making in Agentive Supply Chain 

Environments, Unconstrained Policy Learning can lead to Artificial Agents executing Actions that are 

Technically Feasible but Operationally Not Acceptable. Constrained Policy Spaces resolve this Tension by 

limiting the Domain of Artificial Agent's Learning and Execution to Actions that are both Operationally 

Effective and Institutionally Legitimate. 

Policy Spaces in Agentive Supply Chain Decision Making include Actions such as selecting Suppliers; allocating 

inventory; routing; prioritizing; scheduling Production; and Sequencing Fulfillment. Each Action exists in a 

Dense Web of Contractual Obligations; Regulatory Requirements; Capacity Limits; and Strategic Commitments. 

Thus, Artificial Agents learn how to Optimize their Performance Metrics within the Realities of Business 

Governance when Constrained Policy Spaces encode Boundaries of Governance Rules into the Mapping 

between States and Actions. This distinction is Critical to converting Theoretical Autonomy into Deployable 

Enterprise Systems. 
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Constraining Policy Spaces theoretically reconciles Adaptive Learning with Organizational Control by 

Reframing the Optimization Problem. Instead of Optimizing Value across All Possible Actions, Artificial Agents 

Optimize Value across a Restricted Set of Actions that reflects Governance Rules (Altman, 1999). Thus, 

Intelligence Emerges Only within Acceptable Boundaries. In Agentive Supply Chains, this is particularly 

important since Optimization Pressures are often at Odds with Compliance Obligations. For example, Cost 

Minimizing Strategies May Favor Suppliers with Regulatory Risk or Routing Paths with Geopolitical Exposure. 

Constraining Policy Spaces Ensures that Such Options are Excluded prior to Optimization Begins (Altman, 

1996). 

The Business Impact of this Approach includes its Capability to Prevent Governance Violations while Sustaining 

Operational Agility. Traditional Compliance Mechanisms typically Rely on Manual Approvals or After-the-Fact 

Audits, both of which Introduce Latency and Costs. Constraining Policy Spaces Algorithmically Converts 

Compliance into Automatic and Continuous Processes. Autonomous Decisions can be Executed at Scale without 

incurring Additional Oversight Burden. This Capability enables Enterprises to deploy Agentive Supply Chains 

Confidently Across Regions with Heterogeneous Regulatory Environments while Maintaining Consistent 

Governance Standards. 

Constraining Policy Spaces also Influences Learning Efficiency and System Stability. By Eliminating Actions 

that are Infeasible or Prohibited from Consideration, the Effective Search Space for Learning Algorithms is 

Reduced. This Reduction Accelerates Convergence toward Effective Policies and Decreases the Likelihood of 

Erratic Behavior during Learning Phases. In Agentive Supply Chain Environments where Decision Instability 

can Propagate Rapidly through Interconnected Networks, this Stabilizing Effect has Direct Financial and 

Operational Benefits. Smoother Convergence Reduces Experimentation Costs while Preserving Service 

Reliability. 

Dynamic Supply Chain Environments may have Varying Governance Rules depending upon Context. 

Constraining Policy Spaces Support Conditional Constraints that Activate Based upon State Conditions. For 

Example, Routing Options may be Permissible under Normal Conditions but Restricted during Periods of 

Geopolitical Tension. Inventory Transfers may be Allowed within Certain Regions but Prohibited across 

Jurisdictions due to Data or Trade Restrictions. By Incorporating such Conditional Logic into Policy Spaces, 

Agentic Systems can Adapt their Behavior Dynamically while remainging Compliant. This Contextual 

Flexibility Enhances Resilience without Undermining Governance Integrity. 

Constraining Policy Spaces also Support Transparency and Auditability in Autonomous Decision Systems. 

When Actions are Selected from Explicitly Defined Permissible Sets, Decision Rationales become Easier to 

Reconstruct and Evaluate. Auditors and Regulators can Assess not only the Outcome of a Decision but whether 

the Action was Allowable under Governing Rules at the Time of Execution. This Clarity Strengthens 

Institutional Trust and Simplifies Compliance Reporting. In Contrast, Unconstrained Systems Require Complex 

Post-Hoc Explanations to Justify why Certain Actions were Taken. 

Organizational Governance Perspectives view Constraining Policy Spaces as a means to Transfer Responsibility 

from Individual Decision Approval to Rule Definition and Maintenance. Leaders and Compliance Teams Define 

the Boundaries of Acceptable Behavior while Agents Operate Independently within those Boundaries. This 

Separation enables Governance Expertise to be Concentrated Where it Adds the Most Value while Execution 

Scales Algorithmically. The Result is a Governance Model that is both Rigorous and Efficient, aligning with the 

Scale and Complexity of Modern Supply Chains. 

Theoretical Rigor is Required to Ensure that Rule Constraints do not Conflict or Create Infeasible Decision 

Regions. Poorly Designed Constraints may unintentionally eliminate all viable Actions under certain States, 

leading to Escalation or System Paralysis. Addressing this Risk Requires Systematic Validation of Policy Spaces 

through Simulation and Stress Testing. In Agentic Supply Chains Digital Twins play a significant Role in 

Evaluating how Constrained Policies Behave under Extreme Conditions, ensuring that Governance Rules 

Preserve Feasibility while Enforcing Compliance (Fuller et al., 2020). 
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Therefore, Constraining Policy Spaces represents a Central Pillar of Governance by Design. They Transform 

Governance from a Monitoring Function into a Generative Force that Shapes Intelligent Behavior. By Defining 

the Space within which Autonomy Operates, they Enable Agentic Supply Chains to Achieve Adaptive 

Performance without Compromising Institutional Obligations. This Capability is Essential for Realizing 

Business Value from Autonomy while Preserving Regulatory Compliance and Organizational Legitimacy. 

Figure 5: Rule Constrained Policy spaces  

 

Human on the Loop Supervision 

Human-on-the-loop (HOTL) supervision facilitates the alignment of strategic intent and tactical operation in 

autonomous systems that operate at machine speed (Parasuraman et al., 2000). Autonomous systems cannot 

require continuous approval for every decision made individually as it would not be possible given the sheer 

volume of decisions made by supply chain systems hourly by day for thousands of hours. However, HOTL 

supervision addresses the scale issue by transforming how human oversight occurs from an operational role to a 

systemic role, and thus, humans do not need to approve every single action, rather they review the policies and 

outcomes of the autonomous decisions being made by the systems (Kaber & Endsley, 1997). 

The theoretical base for HOTL supervision is the differentiation of decision governance and decision execution. 

Decision execution involves identifying and implementing responses to immediate situations. Decision 

governance includes ensuring that the processes used to make decisions remain consistent with the organization's 

objectives, risk profile, and ethics. Autonomous systems have the ability to execute decisions quickly and 

consistently; however, humans have the ability to reason ethically, interpret contextually, and assume 

accountability for those decisions. Therefore, HOTL supervision formalizes this separation of duties between 

humans and autonomous systems within supply chain architectures. 

In actual supply chain operations, human supervisors will oversee aggregate measures including service level  

trend analysis, cost variances, risk exposures, compliance and policy drifts. Those aggregate measures allow for 
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the determination if the autonomous behavior is remaining within the desired boundaries. Rather than intervene 

at each decision point, supervisors will modify the parameters of governance, add constraints or alter escalation 

points when trends emerge indicating the autonomous behavior is not remaining in line with organizational goals 

(Bryson & Crosby, 1992). The business impacts of HOTL supervision are numerous. Organizations that remove 

humans from the approval process for routine decisions improve the responsiveness and efficiency of their 

supply chain operations. Additionally, by allowing for human oversight to occur at the policy level, organizations 

eliminate the reputational and regulatory risks associated with having autonomous systems without some form 

of oversight (Morgeson et al., 2015). 

Additionally, HOTL supervision supports adaptive governance in dynamic environments. Supply chains are 

subject to sudden and unpredictable changes in markets, geopolitics, and regulatory environments. Human 

supervisors can respond to changes in these areas by adjusting governance rules or modifying the boundaries of 

autonomy in almost real-time. These adjustments then cascade throughout the system architecture and reshape 

the autonomous behaviors of the agents in the system, all without shutting down the system or manually 

intervening (Camarinha-Matos et al., 2016). This capability improves the resiliency of supply chains by 

providing governance that evolves in tandem with the changing environment. 

From a cognitive standpoint, HOTL supervision recognizes the limitations of human attention and decision-

making. Humans are poorly suited to monitor the frequency of high-frequency events, but are exceptional at 

recognizing patterns and anomalies across aggregated data. Thus, by presenting supervisors with synthesized 

indicators, rather than raw decision streams, the system enables effective oversight without placing cognitive 

demands upon the supervisor. This design leverages the strengths and weaknesses of both humans and machines. 

Lastly, HOTL supervision provides for accountability in autonomous supply chains. Agents carry out decisions, 

while humans retain responsibility for developing the governing framework for the decision-making process. 

This is a fundamental principle for establishing accountability for both legal and ethical purposes. Organizations 

can establish that autonomous behavior has not been left ungoverned, but has occurred under continuous human 

oversight at the policy level. Establishing this accountability structure is essential for gaining regulatory 

acceptance of autonomous systems in high-risk environments. 

To ensure that the interaction between human supervisors and autonomous systems is truly bidirectional, 

supervisors receive information regarding the behavior of the system, and in turn, supervisors have the 

opportunity to influence future behavior via adjustments to governance. This feedback loop ensures that 

autonomy remains responsive to the organizational learning and external expectations. As supervisors become 

familiar with the performance and transparency of the system over time, they build trust and confidence in the 

system, allowing for a gradual increase in the degree of autonomy granted to the system, as necessary. 

Finally, HOTL supervision is a key component of management of organizational change. The implementation 

of autonomous systems affects the roles, responsibilities, and decision authority of individuals throughout the 

organization. The supervisory interfaces enable managers to maintain involvement with supply chain operations 

without becoming mired in operational detail. Maintaining this involvement supports the adoption of 

autonomous systems, and maintains the perception of control and understanding throughout the transition to 

autonomous operations. 

Overall, HOTL supervision transforms autonomous systems from a threat to managerial authority to an extension 

of organizational capabilities. By transitioning human oversight from the execution of decisions to the 

governance of decisions, autonomous supply chains can achieve scalability, adaptability, and accountability 

concurrently. This supervisory model is foundational to linking autonomous decision-making systems to 

business strategies, regulatory expectations, and ethical considerations. 
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Figure 6: Human-on-the-loop Supervision 

 
 

Emergency Intervention Mechanisms 

Emergency intervention mechanisms provide an ultimate safeguard for governance by design in agentic supply 

chain systems; the other safeguards – embedded constraints, rule-constrained policy spaces, and human-in-the-

loop (human-on-the-loop) supervision – generally prevent governance failures, but complex adaptive systems 

will still occasionally face an event or scenario which is outside of what has been modeled. Supply chains have 

many examples of extreme events including: a global war; a sudden regulatory change; a cyber-attack; a major 

disaster (e.g., earthquake, hurricane); a cascade failure of suppliers; etc. These types of events are outside of the 

modeled range of the system, and emergency intervention mechanisms provide a means to reverse the 

autonomous decision-making process to preserve organizational control and institutional legitimacy when 

normal governance pathways fail. 

Emergency intervention mechanisms, therefore, establish the boundary conditions of autonomy. The autonomy 

of agentic supply chain systems is not absolute, and is contingent upon the presence of environmental stability 

and acceptable levels of risk. The concept of emergency intervention formalizes the idea that decision authority 

can be withdrawn or reorganized when systemic risk exceeds pre-defined tolerance levels. The reversibility 

provided by emergency intervention mechanisms is fundamental to the establishment of trustworthiness since 

they guarantee that no autonomous system exists outside of human reclaim. 

For those supply chains which make decisions affecting physical goods, financial exposure, and regulatory 

compliance, the ability to intervene quickly and decisively in extreme situations is a necessary condition to 

achieve widespread adoption. 

Emergency intervention mechanisms function at multiple levels of the supply chain architecture. At the agent 

level, intervention can include suspending an individual agent(s) who exhibit behaviors significantly different 

than what were anticipated. At the system level, intervention can include halting specific types of decisions (i.e. 

cross-border transactions, supplier switching). At the organizational level, intervention can include the transfer 

of all decision authority to humans for a specified time frame. A multi-level design provides the ability to target 



INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue I, January 2026 

www.ijltemas.in                                                                                                                                                     Page  268 

interventions in a manner that is proportional to the severity of the problem, and avoid blanket shutdowns that 

can create new operational risks. 

Emergency intervention is inherently linked to Business Continuity Management (BCM) in supply chain 

operations. Autonomous systems are frequently used to improve responsiveness and resilience, however, 

uncontrolled autonomy in crisis situations can increase instability. For example, if there is a sudden collapse of 

demand, or a shock to supply, autonomous agents may react aggressively to rebalance inventory, cancel orders, 

etc. in ways that damage relationships with suppliers, or violate contractually obligated commitments. 

Emergency intervention mechanisms provide an organization the ability to stabilize behaviors through reverting 

to conservative base-line policies that emphasize continuity over optimization. This enables protection of long-

term business relationships and brand reputation in times of stress. 

An important design consideration of emergency intervention mechanisms is to promote graceful degradation, 

rather than abrupt termination. Termination of autonomous execution can cripple supply chain operations and 

create new risks such as order backlogs or missed shipments. Gradual degradation involves the controlled 

reduction of autonomy through the narrowing of the action boundaries, the raising of escalation thresholds, or 

the transition to slower, but safer control modes. This gradual response to emergency conditions allows the 

supply chain to continue to function while limiting the scope of risk. Additionally, from a business perspective, 

this approach reduces the degree of disruption, and promotes managerial confidence. 

Emergency intervention mechanisms also mitigate the risk of model drift and systemic misalignment. Even well-

governed agentic systems can suffer from drift due to changes in demand patterns, supplier behavior, and 

regulatory environments. When sufficient drift occurs, emergency intervention mechanisms allow organizations 

to stop execution and begin to recalculate. In supply chains, this prevents the reinforcement of maladaptive 

decision-making processes that could result in sustained inefficiencies or exposure to compliance issues. Thus, 

emergency intervention mechanisms serve as a corrective reset mechanism to ensure long-term viability of the 

system. 

The determination of whether emergency intervention is required, uses composite risk indicators, rather than 

relying solely on one metric. Risk in supply chains emerges from the interaction of several factors including: 

inventory exposure; service volatility; financial commitments; and regulatory sensitivity. Emergency triggers 

are activated by the crossing of thresholds on composite risk measures rather than a single decision outcome. 

Therefore, this holistic approach to risk assessment is consistent with Enterprise Risk Management best 

practices, and ensures that emergency interventions are justified based on the systemic conditions, and not by 

transient anomalies. 

An easy to understand, formalized version of emergency intervention logic is a System Level Risk Evaluation. 

We will define R_t = An aggregate risk metric at time t based on project operational and compliance metrics. 

Then we can represent intervention as: 

𝐼𝑡 = {
1 if 𝑅𝑡 > 𝜅
0 if 𝑅𝑡 ≤ 𝜅

 

Where κ represents the Emergency Intervention Threshold (Altman, 1999). Once intervention is initiated, then 

either Autonomous Execution is suspended or limited based on predefined Protocols. This representation clearly 

defines Emergency Control as a response to a system-wide risk condition as opposed to a localized Optimization 

Failure. This definition further emphasizes Governance's priority of Organizational Survival/Legitimacy over 

Short Term Performance. 

Regulatory Acceptance of Agentic Supply Chains (Schiff et al., 2024), rely heavily on Assurance that 

Autonomous Systems can be stopped or overridden when Compliance Risk arises. Tested Intervention Pathways 

provide assurance that Autonomy has been utilized Responsibly and remains subordinate to Legal Authority. 

Regulatory Approval in areas like Pharmaceutical, Food Distribution, Defense Logistics etc., requires Assurance 

that Autonomous Systems can be Stopped/Overridden. Therefore, Emergency Mechanisms allow for both 

Operational Safety and Regulatory Viability. 
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From an Organizational Governance Perspective Emergency Intervention Provides Clear Accountability for 

Executive Leaders. Executive Leaders maintain Ultimate Authority over Autonomous Systems and are 

authorized to intervene when Strategic/Ethical issues arise. As such, the Clarity of Authority reduces concerns 

that Autonomous Systems reduce Managerial Control. Instead, Autonomy is viewed as a Delegated Capability 

which can be Withdrawn Under Defined Conditions. This Viewpoint Supports Confidence in Executives and 

Facilitates Adoption within Conservative Organizational Cultures. 

Post-Intervention Analysis generates Learning Opportunities that Enhance Governance Over Time. The Insights 

generated from post-intervention Analysis provide Understanding of Failure Modes Governance Gaps and 

Environmental Dynamics that were Not Fully Anticipated. Such Insights Inform Updates to Embedded 

Constraints Policy Spaces Escalation Thresholds and Supervisory Metrics. As such, Emergency Intervention 

Contributes to Organizational Learning as well as Representing a Failure of Autonomy. Supply Chains Evolve 

not Only Through Optimization but Through Disciplined Responses to Extreme Events (Ivanov & Dolgui, 

2021). 

In Summary, Emergency Intervention Mechanisms Complete the Governance by Design Framework by 

Providing Assurance that Agentic Supply Chain Systems Remain Controllable Under Extreme Uncertainty. By 

Allowing Targeted Suspension Graceful Degradation and Reversion of Authority these Mechanisms Protect 

Institutional Legitimacy While Preserving Operational Continuity. Emergency Intervention Transforms 

Autonomy From an Irreversible Commitment Into a Managed Capability That Can Be Exercised Confidently in 

High Consequence Supply Chain Environments. 

Figure 7: Emergency Intervention Mechanisms 

 

Compliance and Regulatory Alignment 

Mapping Agentic Decisions to Regulatory Requirements 

Autonomous Supply Chain Systems – Mapping Decisions to Requirements 

Mapping agentive decision-making to regulatory requirements is a key factor in successfully deploying 

autonomous supply chain systems in both highly regulated and high-consequence settings (Raji et al., 2020). 

Prior to the advent of agentive supply chains, traditional compliance methodologies assumed that decisions were 
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made through distinct human actions that could be assessed post-implementation (Vasarhelyi et al., 2004). 

Agentive supply chains operate in an environment of tens-of-thousands of operational decisions being executed 

continuously, across sourcing, logistics, inventory management, and fulfillment (Alles et al., 2008). Therefore, 

regulatory risk in agentive supply chain systems is not typically due to the occurrence of singular decisions; 

instead it is the cumulative effects of repeated behaviors occurring over time (Böhmecke Schwafert, 2024). To 

ensure that agentive decision-making is aligned with regulatory requirements, it is necessary to map those 

requirements directly onto decision logic so that the autonomous nature of decision-making can remain aligned 

with the institutions’ goals as those decisions occur rather than solely through retrospective enforcement 

mechanisms (Raji et al., 2020). 

Regulatory Requirements of Supply Chains: Trade laws, environmental regulations, labor standards, financial 

reporting requirements, and data protection requirements provide examples of regulatory requirements for 

supply chains, however these are defined at an institutional level (e.g., international law) and do not provide 

clear guidance on how to evaluate individual routing, or sourcing decisions (Tong et al., 2022). As such, mapping 

agentive decisions to regulatory requirements involves translating normative regulatory rules into operational 

constraints that autonomous systems can interpret (Raji et al., 2020). This translation will bridge the gap between 

institutional intent and computational logic to enable regulatory considerations to influence decision-making in 

real-time (Böhmecke Schwafert, 2024). Supply Chain Decision-Making Impacts Multiple Domains 

In agentive systems, supply chain decisions create regulatory exposures across multiple domains concurrently 

(Tong et al., 2022). For example, a sourcing decision may require compliance with trade sanctions, labor 

practices, and sustainability requirements (Tong et al., 2022). Similarly, a routing decision may require 

compliance with customs procedures, safety standards, and emissions limits (Chalendard et al., 2019). Inventory 

allocation decisions may also create regulatory obligations related to tax jurisdiction and data localization 

(Böhmecke Schwafert, 2024). To effectively map regulatory requirements to agentive decisions, it is necessary 

to associate each decision domain with the applicable regulatory frameworks, and have agentive systems 

evaluate compliance in context (Raji et al., 2020). The mapping of regulatory requirements to agentive decision-

making prevents regulatory blind-spots that result from evaluating decisions in isolation (Böhmecke Schwafert, 

2024). Increased Complexity of Global Supply Chains 

The complexity of mapping regulatory requirements to agentive decisions significantly increases in global 

supply chains where overlapping jurisdictions impose conditional and potentially conflicting requirements (Tong 

et al., 2022). As such, agentive systems must reason not only about what actions are permissible, but under which 

geographic, transactional, and temporal conditions those actions are permissible (Raji et al., 2020). Mapping 

regulatory requirements to agentive decisions therefore involves binding regulatory logic to state variables such 

as location, product classification, ownership structure, and transaction value (Chalendard et al., 2019). Such 

contextual binding enables agentive systems to dynamically assess their own compliance based on changes in 

their operational state (Hunt & Jackson, 2010), rather than relying on static rules. 

Business Benefits of Effective Regulatory Mapping: Effective regulatory mapping provides businesses with 

reduced systemic exposure resulting from autonomous decision-making processes, which can accumulate over 

time through routine autonomous actions (Böhmecke Schwafert, 2024). Regulatory non-compliance often results 

from prolonged patterns of behavior rather than isolated incidents (Alles et al., 2008). If not for explicit mapping, 

autonomous systems may pursue strategies that may be operationally optimal but that are likely to exceed 

regulatory thresholds over time (Bose et al., 2014). Embedding regulatory logic within decision evaluation 

frameworks enables organizations to proactively prevent such drift and protect market access, revenue 

continuity, and corporate reputation (Böhmecke Schwafert, 2024). 

Strategic Agility in Volatile Regulatory Environments: Additionally, regulatory mapping enables organizations 

to maintain strategic agility in environments characterized by frequent changes to regulatory requirements (Tong 

et al., 2022). Trade regimes, sanctions lists, and reporting standards are subject to change in response to 

geopolitical and economic events (Chalendard et al., 2019). Organizations that map regulatory requirements into 

decision architecture frameworks can easily update those mappings to accommodate changing regulatory 

requirements without having to redesign execution processes (Raji et al., 2020). As such, organizations with 
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strategically agile regulatory mappings can quickly adapt to changing regulatory requirements while continuing 

to execute autonomously (Hunt & Jackson, 2010). Agentive systems can therefore serve as tools of regulatory 

responsiveness rather than rigidities (Böhmecke Schwafert, 2024). 

Transparency and Defensibility: Finally, regulatory mapping of agentive decisions supports organizational 

transparency and defensibility (Böhmecke Schwafert, 2024). When regulatory logic is explicit ly tied to decision 

pathways, organizations can demonstrate how regulatory considerations affected decision-making outcomes 

(Jans et al., 2014). Such traceability is critical to organizational responses to regulatory inquiries, disputes, or 

audits (Alles et al., 2008). Autonomous decisions can therefore be explained not through rationalization 

subsequent to the event, but through documented regulatory assessment during execution time (Mitchell et al., 

2019). 

Theoretical Rigor in Regulatory Mapping: To achieve theoretical rigor in regulatory mapping, it is necessary to 

distinguish between regulatory prohibitions, conditional permissions, and reporting obligations (Raji et al., 

2020). Some regulatory requirements prohibit specified actions (Tong et al., 2022). Other regulatory 

requirements permit actions under specified conditions (Chalendard et al., 2019). Finally, some regulatory 

requirements establish reporting obligations or documentation requirements without prohibiting execution (Alles 

et al., 2008). As such, regulatory mapping must classify regulatory requirements according to type and 

implement corresponding decision handling logic (Raji et al., 2020). This classification ensures that agentive 

systems respond appropriately to regulatory obligations (Böhmecke Schwafert, 2024). 

Maintenance of Regulatory Mappings: Finally, regulatory mappings must be treated as a living document (Hunt 

& Jackson, 2010). Regulatory requirements evolve, interpretations of those requirements change, and 

enforcement priorities change (Tong et al., 2022). Governance frameworks must therefore support the ongoing 

updating and validation of regulatory mappings to ensure continued alignment (Vasarhelyi et al., 2004). 

Regulatory mappings that are static become outdated in dynamic regulatory environments (Bose et al., 2014). 

Ongoing maintenance of regulatory mappings therefore ensures that autonomous decision-making continues to 

align with evolving institutional expectations (Hunt & Jackson, 2010). 

Compliance as a Decision Dimension: Ultimately, regulatory mapping of agentive decision-making into decision 

logic transforms compliance from an external constraint to an internal decision consideration (Raji et al., 2020). 

Regulatory considerations therefore become a factor in how agents evaluate decisions regarding actions, rather 

than an obstacle to action that occurs subsequent to decision-making (Böhmecke Schwafert, 2024). This 

integration of regulatory considerations into decision-making is critical to responsible deployment of agentive 

supply chains at scale in regulated environments (Böhmecke Schwafert, 2024). 

Logistics and Trade Compliance  

Trade Compliance and Logistics represent an operationally risky and legally significant element of agency-based 

Supply Chains; especially given that autonomous decision-making is made directly within the bounds of 

sovereign jurisdictions, customs regimes and international trade law (Chalendard et al., 2019). Traditional 

Supply Chain logistics compliance is monitored manually, by brokers and via post-shipment verification of 

shipping compliance (Voss & Williams, 2013). In traditional supply chains decision velocity is relatively slow, 

allowing for manual monitoring of compliance (Voss & Williams, 2013). However, in an agency-based supply 

chain all of the decisions regarding routing, carrier selection, consolidation, etc. occur continuously and at 

machine-speed (Alles et al., 2008). This continuous and rapid decision-making process results in a need for 

compliance logic to be integrated into autonomous decision-execution. Any delay in the evaluation of 

compliance will expose the organization to unacceptable levels of both financial and legal liability (Hunt & 

Jackson, 2010). 

At its core, logistics and trade compliance involve ensuring that all movements of goods adhere to applicable 

trade regulations, customs requirements and transportation laws (Chalendard et al., 2019). Autonomous routing 

decisions must take into consideration various trade regulations including export controls, sanctions regimes, 

embargoed regions and preferential trade agreements that differ based upon the classification of products, the 

origin and destination of products and the ownership structure of the products (Tong et al., 2022). In an agency-
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based system, compliance regulations cannot be used as an external validation after routing optimization (Raji 

et al., 2020). Rather, compliance constraints must be evaluated simultaneously with cost, time and capacity 

objectives (Hunt & Jackson, 2010). Integration of compliance with cost, time and capacity will ensure that no 

routes that violate trade law are ever considered feasible options, regardless of their operational appeal 

(Chalendard et al., 2019). 

The complexity of trade compliance is further exacerbated due to the numerous layers of regulatory oversight 

present within global supply chains (Tong et al., 2022). Goods moving throughout a supply chain can pass 

through multiple countries, each requiring unique documentation and compliance measures (Chalendard et al., 

2019). Autonomous logistics agents must evaluate this layered regulatory environment in real-time to 

incorporate customs clearance rules, bonded warehouse constraints and transit country regulations into their 

decision logic (Chalendard et al., 2019). Failing to do so may result in delayed shipments, fines, or even seizure 

of goods (Voss & Williams, 2013), resulting in an inability to realize any of the benefits derived from 

autonomous optimization (Voss & Williams, 2013). Embedding this decision logic into agency-based supply 

chains transforms compliance from an afterthought to a primary consideration when determining the feasibility 

of logistics (Tong et al., 2022). 

Logistics compliance also includes transportation safety and labor regulations that determine how goods are 

moved versus simply where goods are moved (Tong et al., 2022). Autonomous agent selections and scheduling 

decisions regarding drivers and vehicles impact driver working hours, hazardous materials handling, vehicle 

certifications and route safety requirements (Tong et al., 2022). Many jurisdictions impose both civil and 

criminal liability for violations of transportation safety and labor regulations (Tong et al., 2022). Agency-based 

supply chains that solely focus on optimizing delivery speed and cost without evaluating safety constraints, run 

the risk of violating safety and labor regulations at a large scale (Böhmecke Schwafert, 2024). Embedded safety 

and labor compliance into autonomous decision logic will ensure that organizations maintain their commitment  

to their optimization objectives, while also upholding their legal and moral responsibilities (Raji et al., 2020).  

Environmental compliance has grown significantly in importance for logistics governance as regulatory bodies 

mandate emissions reporting for transportation activities and implement carbon reduction initiatives (Saberi et 

al., 2019). Autonomous routing and mode selection decisions directly influence the emissions profile of goods 

being transported by distance traveled, vehicle type and consolidation strategies (Saberi et al., 2019). Within 

agency-based supply chains, environmental compliance must be evaluated in conjunction with logistics decision-

making, rather than through post-hoc sustainability reports (Hunt & Jackson, 2010). Incorporating emission 

thresholds and reporting triggers into autonomous decision-making will ensure that agencies contribute to the 

organizational commitment to sustainability while complying with evolving environmental regulations (Saberi 

et al., 2019). 

From a business impact perspective, the consequences of failure to comply with logistics and trade regulations 

far exceed the consequences of the individual decision(s) made (Voss & Williams, 2013). A single shipment that 

fails to comply with trade regulations can lead to customs audits, increased inspection frequency, or suspension 

of trusted trader status, impacting future shipments within the same supply chain (Voss & Williams, 2013). In 

an agency-based system, where decisions are repeated thousands of times, failure to comply can quickly escalate 

into systemic disruption (Alles et al., 2008). Embedding compliance logic into autonomous execution will 

protect revenue continuity, preserve supplier and carrier relationships and safeguard organizational reputation 

within highly visible global markets (Tong et al., 2022). 

In addition to regulatory requirements, logistics and trade compliance must also consider contractual obligations 

that overlap with regulatory requirements (Voss & Williams, 2013). Freight forwarding agreements, carrier 

contracts and service level agreements impose restrictions on routing, consolidation, subcontracting and liability 

allocation (Voss & Williams, 2013). Autonomous logistics agents must honor contractual obligations along with 

statutory regulations (Tong et al., 2022). Failure to comply with contractual obligations may not result in 

regulatory penalties but can result in litigation, loss of preferred pricing and/or termination of strategic 

partnerships (Voss & Williams, 2013). By integrating contractual compliance into agency-based decision logic, 

organizations can align their regulatory obligations with their commercial relationships (Raji et al., 2020). 
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The technical challenges of logistics and trade compliance arise from reconciling conflicting regulatory regimes 

(Tong et al., 2022). For example, actions permitted by trade regulation may violate environmental policies, or a 

compliant route may violate labor regulations in a transit country (Tong et al., 2022). Agency-based systems 

must reconcile these conflicts based upon defined organizational priorities and risk tolerance (Raji et al., 2020). 

To perform this reconciliation, agency-based systems require explicit governance logic that prioritizes 

compliance dimensions and defines acceptable trade-offs (Raji et al., 2020). Without such logic, autonomous 

systems may act erratically and unpredictably under complex regulatory conditions (Böhmecke Schwafert, 

2024). Logistics and trade compliance in agency-based supply chains also require the creation of accurate and 

timely documentation related to the shipment (Chalendard et al., 2019). Documentation, such as customs 

declarations, certificates of origin, safety manifests and other documents related to transportation must be created 

accurately and consistently for each shipment (Chalendard et al., 2019). Therefore, agency-based execution 

systems must embed documentation workflows into decision pathways, ensuring that compliance-related 

documentation is created as part of the execution of the decision, rather than as an administrative task 

downstream of the decision (Hunt & Jackson, 2010). Integration of documentation into the execution of 

decisions will reduce errors in documentation, accelerate clearance and improve audit preparedness (Alles et al., 

2008). 

Strategically, embedding logistics and trade compliance into agency-based supply chains allows organizations 

to engage in global commerce with confidence while maintaining the ability to be agile in response to market 

opportunities (Tong et al., 2022). Organizations whose autonomous systems include compliance logic can 

rapidly respond to market opportunities without assuming excessive regulatory risk (Böhmecke Schwafert, 

2024). This ability to respond to market opportunities transforms compliance from a perceived barrier to 

innovation into an enabler of scalable global operations (Böhmecke Schwafert, 2024). As such, agency-based 

supply chains can be faster, more efficient, and more robust and institutionally credible in complex regulatory 

environments (Böhmecke Schwafert, 2024). 

Continuous Compliance Monitoring 

Continuous Compliance Monitoring is a necessary element for any Supply Chain to operate in Regulated 

Environments (Vasarhelyi et al., 2004). Most Supply Chains are subject to various Regulations that are meant 

to protect consumers and the environment. In most cases these regulations require companies to take certain 

steps to comply with them. If a company fails to comply with these regulations it could result in fines, criminal 

charges, loss of licenses, etc. 

Traditional auditing methods have been used for decades to ensure that companies are complying with 

regulations. These methods include periodic audits and inspections. Auditors will review documents and 

interview employees to determine if they are complying with all applicable regulations. However, these methods 

do not account for the fact that Supply Chains are constantly changing due to market fluctuations, global 

pandemics, natural disasters, etc. Therefore, traditional auditing methods may not be effective in detecting 

compliance failures. 

The use of Continuous Compliance Monitoring allows companies to monitor compliance throughout the Supply 

Chain, in real-time. This includes the ability to monitor the movement of goods across borders, as well as the 

ability to detect changes in the composition of products being shipped (Alles et al., 2008). This type of 

technology uses AI to continuously scan and analyze the data flowing through the Supply Chain and make 

determinations of whether or not the data indicates that there is a potential compliance failure. If a potential 

compliance failure is detected, the AI will send a notification to the responsible employee(s) so that they can 

investigate the issue. Regulatory Risk is one of the biggest risks facing companies today. Many companies face 

large fines and other negative consequences when they fail to comply with regulations. However, traditional 

auditing methods may not be able to prevent compliance failures (Alles et al., 2008). 

In addition to detecting compliance failures, Continuous Compliance Monitoring also helps to reduce the costs 

associated with compliance. Companies spend millions of dollars each year to audit and inspect their Supply 

Chains to ensure compliance with regulations. However, using Continuous Compliance Monitoring can help to 
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reduce the number of audits and inspections required, which can save companies money. Continuous 

Compliance Monitoring can also help companies to identify potential compliance failures before they occur, 

which can save companies even more money in the long run (Alles et al., 2008). In order to be effective, 

Continuous Compliance Monitoring must be designed carefully. If the monitoring is too broad, it can lead to 

false positives and unnecessary notifications. On the other hand, if the monitoring is too narrow, it may miss 

important compliance failures. Therefore, it is crucial to design the monitoring carefully to avoid either of these 

extremes (Alles et al., 2008). 

Continuous Compliance Monitoring is also beneficial for improving customer satisfaction. Companies that use 

Continuous Compliance Monitoring tend to have higher customer satisfaction ratings compared to those that do 

not use Continuous Compliance Monitoring. There are several reasons why Continuous Compliance Monitoring 

improves customer satisfaction. First, customers expect companies to have high quality products that meet all 

relevant safety and environmental regulations. Second, companies that use Continuous Compliance Monitoring 

can respond faster to product recalls and other regulatory issues. Third, companies that use Continuous 

Compliance Monitoring tend to have fewer recalls and other regulatory issues compared to those that do not use 

Continuous Compliance Monitoring. All of these benefits improve customer satisfaction (Alles et al., 2008). 

Continuous Compliance Monitoring also provides improved transparency and accountability. Since all 

transactions are monitored in real time, companies can prove compliance to regulatory agencies, suppliers and 

customers. This can help to increase trust among all stakeholders, and reduce the likelihood of disputes and 

lawsuits related to compliance (Alles et al., 2008). Continuous Compliance Monitoring also has the benefit of 

enabling adaptive governance in volatile regulatory environments. As trade regimes, sanctions lists, 

environmental standards and data protection rules evolve rapidly in response to geopolitical and economic 

conditions, traditional compliance rule-sets quickly become outdated (Tong et al., 2022). Continuous 

Compliance Monitoring Systems, however, enable organizations to continuously assess real-time behavior 

against up-to-date regulatory criteria, allowing for adjustments to autonomous execution to mitigate new 

regulatory exposure without disrupting ongoing operations (Hunt & Jackson, 2010). This adaptability is critical 

to maintain competitiveness and compliance. 

Finally, the integration of Continuous Compliance Monitoring into agentic Supply Chains fundamentally alters 

how Compliance Functions collaborate with Operations (Vasarhelyi et al., 2004). Instead of serving as 

Gatekeepers approving/rejecting individual decisions, Compliance Teams now serve as Designers/Interpreters 

of Monitoring Frameworks defining Indicators Thresholds, and Aggregation Windows reflecting regulatory 

priorities and business risk tolerance (Vasarhelyi et al., 2004). Autonomous Systems subsequently enforce these 

definitions at scale (Alles et al., 2008). This transformation enables Compliance Experts to influence System 

Behavior Continuously, without becoming an operational Bottleneck (Hunt & Jackson, 2010).  

However, Effective Continuous Compliance Monitoring is dependent upon Abstraction to avoid both Under-

Sensitivity and Alert Fatigue (Hunt & Jackson, 2010). Monitoring Systems must therefore strike a Balance 

between Granularity and Interpretability, by aggregating Signals into Meaningful Indicators that Reflect 

Regulatory Risk (Vasarhelyi et al., 2004). Overly granular monitoring results in excessive Low-Level Alerts 

overwhelming Oversight Functions and eroding Trust in Autonomous Systems (Böhmecke Schwafert, 2024). 

Conversely, Under-Sensitive Monitoring enables Risk Accumulation without Detection (Alles et al., 2008). 

Thus, designing Appropriate Indicators depends on a Deep Understanding of Regulatory Intent, Supply Chain 

Dynamics and Business Impact (Vasarhelyi et al., 2004), requiring Governance Expertise Embedded within 

Technical Architectures (Böhmecke Schwafert, 2024). 

Furthermore, Continuous Monitoring Supports Transparency and Accountability in Autonomous Supply Chains 

(Böhmecke Schwafert, 2024). Through Real-Time Visibility into Compliance Posture, Organizations can 

Demonstrate to Regulators, Partners, and Internal Stakeholders that Autonomous Execution is Actively 

Governed (Raji et al., 2020). Monitoring Dashboards and Reports Provide Evidence that Compliance is Not 

Assumed But Continuously Evaluated (Vasarhelyi et al., 2004). This Transparence Builds Institutional 

Confidence and Reduces Resistance to Autonomy Adoption (Böhmecke Schwafert, 2024). Moreover, it 
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Enhances Organization’s Position During Regulatory Engagement by Demonstrating Proactive Risk 

Management (Böhmecke Schwafert, 2024). 

The Analytical Foundation of Continuous Compliance Monitoring Can Be Formulated Using Composite Risk 

Evaluation Functions That Aggregate Multiple Compliance Indicators Over Time (Vasarhelyi et al., 2004). 

Specifically, let C_t Represent a Compliance Exposure Score at Time T Derived from Recent Decision Activity 

(Vasarhelyi et al., 2004). This Score Can be Represented as: 

𝐶𝑡 =∑𝑤𝑖

𝑛

𝑖=1

𝑣𝑖(𝑡) 

Where v_i Represent Individual Compliance Indicators Such as Jurisdictional Exposure Transaction Volume or 

Emissions Contribution, and W_i Represent Their Relative Regulatory Importance (Hunt & Jackson, 2010). This 

Representation Emphasizes that Compliance Is Multi-Dimensional and Cumulative Rather Than Binary 

(Vasarhelyi et al., 2004). Additionally, It Enables Threshold-Based Governance Responses When Exposure 

Exceeds Acceptable Levels (Hunt & Jackson, 2010). Continuous Compliance Monitoring Also Enables Learning 

and Improvement Within Agentic Supply Chains (Vasarhelyi et al., 2004). Patterns Identified Through 

Monitoring Inform Refinement of Governance Constraints Policy Spaces and Escalation Thresholds (Hunt & 

Jackson, 2010). Over Time the System Becomes Better Aligned with Regulatory Realities and Business 

Objectives (Böhmecke Schwafert, 2024). This Feedback Loop Transforms Compliance From a Static 

Requirement Into a Source of Organizational Learning (Vasarhelyi et al., 2004). Autonomous Systems Evolve 

Not Only To Optimize Performance but to Internalize Regulatory Expectations More Effectively (Raji et al., 

2020). In High-Risk Supply Chain Environments, Continuous Compliance Monitoring is Not Optional But 

Essential (Böhmecke Schwafert, 2024). Autonomous Execution Without Real-Time Regulatory Awareness 

Exposes Organizations to Unacceptable Legal and Reputational Risk (Böhmecke Schwafert, 2024). By 

Embedding Monitoring into the Decision Architecture, Agentic Supply Chains Achieve a Level of Regulatory 

Responsiveness That Manual Processes Cannot Match (Hunt & Jackson, 2010). This Capability Enables 

Organizations to Scale Autonomy Responsibly While Preserving Compliance Credibility and Institutional  

Legitimacy (Böhmecke Schwafert, 2024). 

Audit Readiness 

Audit readiness constitutes a critical basis for the institutional legitimacy of agentic supply chains, primarily due 

to the intersection of regulatory attention, contractually enforceable accountability, and public trust in these types 

of supply chains (Böhmecke Schwafert, 2024). Traditional supply chain auditing assumes that decisions are 

made by human entities who have express intent, appropriate judgment, and sufficient documentation so that 

those decisions can be retrospectively examined (Alles et al., 2008). However, the agentic nature of supply 

chains disassembles the assumptions of traditional auditing by employing autonomous systems that continuously 

make decisions in procurement, logistics, inventory management, and fulfillment (Raji et al., 2020). Therefore, 

the audit-readiness of agentic supply chains is concerned with the continued transparency, reconstructability, 

and defendability of autonomous decision-making processes during formal examinations (Böhmecke Schwafert, 

2024). Consequently, the audit-readiness of agentic supply chains relies upon comprehensive decision 

traceability (Jans et al., 2014). Each autonomous action executed by an agentic system must be related to a 

verifiable record of the system's state at the time it was evaluated, the constraints employed, and the decision 

logic that was utilized to select each alternative (Mitchell et al., 2019).  

Within supply chain operations, this could include the selection of sources, routes,  inventory allocations, and 

compliance assessments (Raji et al., 2020). Decision traceability facilitates auditors' ability to reproduce 

decision-making paths after decisions are made, even though decisions occur in machine time and there has been 

no direct human involvement in the decision-making process (Jans et al., 2014). If traceability is absent, then 

autonomous decision-execution will become opaque, thereby diminishing regulatory confidence, and creating 

increased risk for non-compliance (Böhmecke Schwafert, 2024). Due to the velocity and scale of agentic supply 

chains, a systematic audit infrastructure is required to adequately support audit readiness (Alles et al., 2008). 

Autonomous systems can produce tens of thousands of decisions every hour in distributed networks across 
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multiple geographic locations (Alles et al., 2008). Manually reproducing activity of this scale is impractical (Jans 

et al., 2014). Therefore, audit-readiness is dependent upon automated logging architecture that captures 

execution events and governance evaluations in real-time (Vasarhelyi et al., 2004). Automated logging 

architectures must be designed to preserve temporal orderings, contextual information, and decision 

dependencies; otherwise, audit records will only represent that actions occurred, not how those actions arose 

from the decision framework (Rozinat & van der Aalst, 2008). Additionally, audit-readiness is dependent upon 

the alignment between declared governance policies and actual system behavior (Rozinat & van der Aalst, 2008). 

Auditors assess whether organizations adhere to their declared policies, regulatory mappings, and risk controls 

in practice (Alles et al., 2008). The alignment between declared governance policies and actual system behavior 

is realized in agentic supply chains via embedded governance and rule-constrained policy spaces, which ensure 

that execution behavior conforms to stated rules by construction (Raji et al., 2020). Stronger audit -readiness 

exists when execution logs can be directly related to governance definitions, and therefore, demonstrate that 

autonomous actions were permissible according to the governing framework applicable at the time (Mitchell et 

al., 2019).  

From a business perspective, stronger audit-readiness minimizes the operational disruptions resulting from 

regulatory reviews and compliance investigations (Alles et al., 2008). Organizations that maintain well -

structured audit data can respond to inquiry requests quickly, without incurring substantial managerial or 

operational costs (Vasarhelyi et al., 2004). This efficient response to inquiries reduces the indirect costs of 

compliance and permits supply chain operations to operate with minimal interruption (Alles et al., 2008). On the 

other hand, poor audit-readiness typically leads to protracted investigations, delayed shipments, and reputation 

damage that far outweigh the costs of proactive audit preparation (Böhmecke Schwafert, 2024). Audit-readiness 

is also pivotal in promoting contractual accountability among various stakeholders within complex supply 

networks (Voss & Williams, 2013). Most disputes regarding contractual obligations arise because of questions 

concerning whether parties complied with terms and conditions established for specific situations (Voss & 

Williams, 2013). Autonomous decision records provide tangible evidence of how decisions were made and 

whether terms and conditions were satisfied (Jans et al., 2014). As such, the evidence provided by decision 

records serves to reduce the potential for litigation and enhance an organization's negotiation position (Voss & 

Williams, 2013).  

In agentic supply chains, audit-readiness therefore contributes to both regulatory compliance and commercial 

risk management (Voss & Williams, 2013). The technical requirements for audit-readiness extend beyond simple 

event logging (Vasarhelyi et al., 2004). Auditors generally require evidence of governance evaluations, which 

include the constraints employed, the alternatives evaluated, and why a particular action was chosen (Mitchell 

et al., 2019). Therefore, autonomous systems must simultaneously log governance decisions and execution 

actions (Raji et al., 2020). Dual logging provides auditors the ability to assess both the compliance of outcomes 

and the integrity of processes (Rozinat & van der Aalst, 2008). Absent governance-level evidence, auditors may 

determine that compliance was coincidental, rather than systematically maintained (Böhmecke Schwafert, 

2024). Audit-readiness also enhances internal governance and organizational learning (Vasarhelyi et al., 2004). 

Periodic review of autonomous decision records enables organizations to recognize patterns of behavior that 

may necessitate governance refinement (Bose et al., 2014). Repeated borderline compliance decisions may 

indicate overly lenient constraints, or risk thresholds that are not aligned (Bose et al., 2014).  

Audit analysis provides organizations with a feedback mechanism for improving governance frameworks 

continuously (Vasarhelyi et al., 2004). This learning function transforms audits from adverse events into 

opportunities for enhancing the strength of systems (Alles et al., 2008). Audit-readiness must accommodate 

diverse regulatory requirements and reporting standards in global supply chains (Tong et al., 2022). Different 

jurisdictions impose different documentation requirements, retention requirements, and audit formats 

(Chalendard et al., 2019). Therefore, agentic systems must provide flexible reporting capabilities to generate 

jurisdiction-specific audit artifacts that do not alter the fundamental decision-making logic (Mitchell et al., 2019). 

Flexibility is necessary to support the deployment of autonomous systems globally while maintaining uniform 

governance (Böhmecke Schwafert, 2024). Audit-readiness is essential for obtaining regulatory approval to 

deploy agentic systems (Böhmecke Schwafert, 2024). When organizations can demonstrate robust audit 

capabilities that ensure transparency and accountability, regulatory bodies are more likely to allow the use of 
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autonomous decision-making systems (Böhmecke Schwafert, 2024). Clear audit trails provide assurance to 

regulatory bodies that the use of autonomous systems does not preclude oversight (Raji et al., 2020).  

In high-risk industries, such as pharmaceuticals, food distribution, or defense logistics, audit-readiness may be 

a requirement for deploying agentic systems (Böhmecke Schwafert, 2024). Audit-readiness also determines 

whether agentic supply chains can be sustained over time (Böhmecke Schwafert, 2024). While efficiency 

improvements gained through autonomy are fragile if they cannot survive regulatory scrutiny (Alles et al., 2008), 

embedding audit-readiness into system design ensures that autonomous decision-execution continues to be 

justifiable as regulations evolve, and enforcement intensifies (Böhmecke Schwafert, 2024). Ultimately, audit -

readiness enables agentic supply chains to be sustained as technological innovations, rather than as transient 

technologies (Böhmecke Schwafert, 2024). 

Auditability and Decision Traceability 

Decision Provenance Logging 

The ability to track the history of a decision (decision provenance) is fundamental to the auditing capabilities of 

an agentic supply chain; autonomous systems will make hundreds of decisions throughout the entire purchasing 

logistics inventory location and delivery cycle (Cheney et al., 2009). Auditing the provenance of a decision in a 

traditional supply chain is done via approval emails and procedural documentation accompanying each decision. 

However, in an agentic supply chain, since the decision-making is shifted to machine-based systems running 

faster and larger than human observation, the decision provenance has become the only method to maintain an 

organization's institutional knowledge of its autonomous actions so that decisions can be accounted for well after 

their execution (Cheney et al., 2009). 

In terms of a supply chain, decision provenance goes beyond merely documenting the end result of the decision 

(such as routing choice or supplier assignment). Every autonomous decision in a supply chain is made based on 

evaluating a constantly changing and complex state of the system including but not limited to forecasting of 

future demand current inventory levels current capacity of suppliers contracted obligations regulations and/or 

other risk-related factors (Wang et al., 2022). Therefore, provenance must document the complete state of the 

system as the decision was being made to facilitate meaningful reconstruction of decision logic. If no 

documentation of the information environment exists in which a decision was made then there is no way for 

auditors and/or governance agencies to evaluate if an action was reasonable or compliant. Thus, provenance 

transforms decisions into richer artifacts that contain both the action and the context (Moreau et al., 2015). 

As a direct result of the continuous nature of agentic execution, the need for structured provenance architectures 

is greatly amplified. Autonomous systems may produce tens-of-thousands of decisions per hour across many 

geographically dispersed nodes. The manual reconstruction of such activity is not feasible without the 

automation of provenance capture that is designed for high-volume and high-precision temporal resolution 

(Alongi et al., 2022). Provenance systems must also preserve the ordering relationship among decisions the 

temporal relationship between system state changes and decisions and the dependencies between/within agents. 

In supply chains, where decisions interact over time and across organizational boundaries the preservation of 

these relationships is essential for understanding downstream effects and systemic behaviors (Alongi et al., 

2022). Provenance logging also plays a significant role in supporting regulatory compliance. As regulators 

increasingly require evidence that compliance considerations were evaluated when decisions were made versus 

after-the-fact, provenance records must include explicit references to compliance constraints regulatory checks 

and risk thresholds that were applied during the evaluation of a decision. Such evidence allows auditors to 

confirm that compliance was enforced systematically and continuously. In regulated supply chains provenance 

logging becomes proof of governance execution instead of a passive operational record (Wang et al., 2022). 

Robust provenance logging also reduces the costs and disruptions associated with audits investigations and 

disputes. Companies with comprehensive provenance records can respond to regulatory inquiries quickly and 

efficiently without having to reconstruct decision logic retroactively. This capability minimizes operational 

disruptions and allows managers to continue focusing on core activities. Additionally, robust provenance records 

strengthen an organization's position in contractual disputes as they provide objective evidence of how and why 



INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue I, January 2026 

www.ijltemas.in                                                                                                                                                     Page  278 

decisions were made under specific conditions (van der Aalst, 2016). Provenance logging also supports internal 

governance and performance management. Historical analyses of decision-making contexts provide insights into 

the types of governance gaps, optimization biases or unintended risk accumulations that may exist. For example, 

repeated decisions made under marginally acceptable compliance conditions may indicate overly permissive 

constraint settings or conflicting objectives. Governance bodies can develop more informed policies and 

threshold values using empirical evidence derived from provenance data. In this way, provenance logging can 

be viewed as a catalyst for continuous governance improvement (van der Aalst, 2016). 

Designing provenance logging systems requires careful abstraction to ensure that provenance captures enough 

detail to be useful for auditing while maintaining the level of detail required for accountability. Logging all raw 

data signals would be impractical and unnecessary for auditing. Instead, provenance systems should capture only 

those state variables relevant to decision making, relevant governance evaluations, and the decision options 

considered. Selective capture ensures that logs remain interpretable to humans while containing sufficient detail 

for accountability. In supply chain operations, abstraction is especially important as excessive logging can 

obscure, rather than elucidate, decision rationale (Heluany et al., 2023). Additionally, decision provenance 

facilitates accountability in multi-agent supply chain environments where outcomes emerge from interactions 

between autonomous decisions. By linking decisions to the specific agents responsible for scope and context of 

each decision provenance logs provide organizations with the means to assign accountability within the system. 

Accountability assignments are essential to governance oversight as they differentiate between the local decision 

behavior and the overall system effect. Accountability assignments also allow for targeted corrective actions and 

avoid blanket restrictions on autonomy that could negatively affect system performance (Wu et al., 2022). In 

global supply chains, provenance logging must also consider jurisdiction-specific requirements related to data 

retention, access, and disclosure. Various regulatory jurisdictions have different requirements for how long 

decision records must be retained, who can access them, and what can be disclosed. Therefore, provenance 

architectures must provide configurable retention policies while preserving data integrity. This flexibility allows 

organizations to meet a variety of regulatory obligations without partitioning their decision-making systems 

(Heluany et al., 2023). 

Provenance logging also increases the willingness of managers and stakeholders to delegate authority to agentic 

systems. When managers and stakeholders know that decisions made by autonomous systems can be 

reconstructed and reviewed if needed, they are more likely to grant authority to such systems. Provenance 

provides this assurance by ensuring that autonomy does not equate to opacity; decisions made by machines 

remain observable and reviewable within institutional governance frameworks (Kuehn, 2018). To summarize, 

decision provenance logging transforms autonomous decision-making into a transparent, auditable, and 

accountable organizational process, rather than an ephemeral algorithmic activity. The tracking of the lineage 

context, and governance evaluations of each decision, through provenance logging provides assurance that 

agentic supply chains are compliant with regulatory obligations. Provenance logging is a foundation upon which 

the trust of stakeholders, and regulatory acceptance of autonomous decision systems in complex supply chain 

environments, can be built (Kuehn, 2018). 

Explainable Policy Execution 

The need for explainable policy execution exists so that organizational stakeholders can understand how an 

organization's autonomous decision-making processes relate to its objectives and governance structures. 

Autonomous systems make operational decisions — e.g. sourcing allocation, routing, and fulfillment 

prioritization — that affect the operation of the supply chain. Organizational stakeholders — including managers, 

auditors, and regulators — require clear and understandable explanations regarding how these decisions relate 

to business practices and governance requirements. Explainability bridges the gap between algorithmic decision-

making and institutional decision-making by explaining how autonomous decisions are made based on the 

organization's objectives and constraints (Ribeiro et al., 2016). 

Explainability of autonomous decisions must be articulated in terms of business practices and not computational 

abstractions. Organizational stakeholders do not care about internal model parameters; however, they are 

interested in knowing if the autonomous decisions made by the system respect established business practices — 



INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue I, January 2026 

www.ijltemas.in                                                                                                                                                     Page  279 

i.e. did the decision respect cost constraints? Did the decision respect service commitments? Did the decision 

respect risk thresholds? Were the decisions compliant with applicable laws and regulations? Explainable policy 

execution addresses the above questions by providing explanations of what criteria were used to make each 

decision and how trade-offs were addressed. An example of explainable policy execution would include 

explaining a sourcing decision through the lens of a supplier's reliability assessment; a supplier's eligibility under 

regulatory requirements; the costs associated with the suppliers; and the timeline for delivery.  

Explainable policy execution also supports regulatory engagement. Regulatory bodies are requiring greater 

transparency into how decisions are made using automated decision-making systems to ensure compliance with 

applicable laws and regulations. In supply chains, this would include demonstrating that routing decisions 

respected trade restrictions; demonstrating that sourcing decisions complied with all applicable labor regulations; 

and demonstrating that allocation strategies complied with all applicable contracts. Explainable policy execution 

provides organizations with a means to demonstrate their compliance reasoning with their respective regulatory 

bodies without having to expose proprietary algorithms. This balance preserves competitive advantages of the 

organization while meeting regulatory scrutiny (Verma et al., 2024). 

Explainability also has a positive impact on business adoption of autonomous systems. Supply chain 

professionals are more likely to trust and use agentic systems when they can understand and validate decision 

rationale. Explainability reduces concerns that autonomous systems will make decisions based on "hidden" 

objectives or that they will optimize narrowly at the expense of broader organizational goals. Trust increases the 

rate of deployment across critical supply chain functions and it promotes acceptance of autonomous decision-

making throughout an organization (Ribeiro et al., 2016). 

Explainable policy execution also enables the effective human oversight of agentic systems within governance 

frameworks. Supervisors who are responsible for overseeing agentic systems utilize explanations to evaluate any 

deviations in performance from anticipated behavior. The absence of explainability could result in over -

intervention or disabling of autonomy due to false assumptions regarding deviations in performance. However, 

with explainability, supervisors can differentiate between legitimate adaptations to changes in the environment 

and legitimate governance drift. This differentiation improves the quality of supervision and preserves 

operational efficiency (Verma et al., 2024). 

The theoretical basis for explainable execution requires the ability to distinguish between local explanations of 

individual decisions and global explanations of policy behavior. Local explanations provide justification for why 

a specific action was taken under specific circumstances. Global explanations provide an overview of how a 

decision policy behaves under a variety of circumstances. Both levels of explanations are required to determine 

whether an autonomous system is aligned with strategic objectives in a supply chain governance context. 

Therefore, effective autonomous systems should support multi-level explanations to meet varying oversight 

needs (Guidotti et al., 2018). 

Explainability also facilitates dispute resolution in supply chain operations. Disputes arise between partners, 

customers, and regulators, when they question autonomous decisions. Explanation of decision rationale provides 

evidence of fairness, compliance, and contractual adherence. Therefore, explainability provides protection 

against potential litigation and damage to reputation. In cases where autonomous decisions have significant 

financial implications, explainability provides a safety net to protect against litigation and damage to reputation 

(Ribeiro et al., 2016). 

Finally, scalability is a critical aspect of explainable policy execution. Large numbers of autonomous decisions 

are generated in agentic supply chains and manual explanation of decisions is impractical. The use of automated 

explanation generation using standard templates and governance criteria, ensures that explanations are consistent 

and efficient. Explanations can be stored along with provenance logs to facilitate auditing and oversight functions 

without adding operational burden (Verma et al., 2024). 

Explainable execution also supports organizational learning. Reviewing explanation patterns enable 

organizations to recognize implicit biases or unintended trade-offs in the decision logic. Organizations can refine 
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objectives, constraints, and governance parameters based on this insight. Ultimately, explainability provides a 

means to continuously align autonomous behaviors with changing business priorities (Guidotti et al., 2018). 

Therefore, explainable policy execution provides a means to transform autonomous decisions into institutional 

intelligible actions. By articulating decision rationale in terms of business practices, agentic supply chains 

become transparent, accountable, and governable. This transformation is essential for sustained adoption of 

autonomy in complex, regulated supply chain environments (Verma et al., 2024). 

Replayable Decision Paths via Digital Twins 

Agile decision pathways through digital twins, allow for an experiential component to auditability in agentive 

supply chains (Ivanov & Dolgui, 2021). Provenance logs and explanations provide static representations of 

decision logic, while digital twins provide the ability to simulate autonomous behavior in a simulated operational 

environment. The simulation of autonomous behavior in a simulated operational environment is important in 

supply chains, because autonomous decisions interact in non-linear ways across time-space and across different 

levels of organization. Digital twin replayability provides the opportunity to observe how an autonomous system 

responds to certain conditions instead of having to infer based on record history (Kritzinger et al., 2018). 

Digital twins include the structural and behavioral attributes of physical supply chain characteristics such as 

inventory flows, transportation networks, suppliers’ constraints and regulatory requirements (Piancastelli & 

Tucci, 2020) . They provide the ability to synchronize with historical execution data to represent the state of the 

system at the time decisions were made. Therefore, digital twins enable auditors and analysts to play back the 

decision sequences as they occurred to gain deeper insight into decision dynamics and system behavior (Wang 

et al., 2022). 

In particular, the replayable nature of decision paths are useful in understanding emergent outcomes in complex 

supply chains. Emergent outcomes in supply chains such as delays, shortages or excessive costs occur due to the 

interactions of many decisions versus one singular action. Digital twin replayability provides analysts the ability 

to observe how a sequence of autonomous decisions propagates throughout the network over time. A temporal 

view of this propagation is necessary to identify systemic weaknesses and governance gaps which static views 

may fail to find (Ivanov, 2020). 

From a business viewpoint, digital twin replayability decreases friction during audits and investigations. 

Auditors are able to interactively examine the decision-making process of an autonomous system as opposed to 

being limited to documentation. This increased transparency will accelerate the auditing and investigation 

processes and increase confidence in autonomous systems. Additionally, digital twin replayability will reduce 

the burden on operational teams by allowing them to visually demonstrate the logic and outcomes of autonomous 

decision-making (Abouelrous et al., 2023). 

Additionally, digital twin replayability enables counterfactual analysis. Organizations are able to modify inputs, 

constraints or policies within the digital twin to determine how alternative conditions would have resulted in 

different autonomous decisions. This is important to organizations in determining whether compliant alternatives 

existed, or whether decisions made were reasonable under the circumstances. Counterfactual replayability will 

strengthen the defense position of an organization in regulatory reviews and disputes (Verma et al., 2024). 

Furthermore, digital twin replayability will facilitate governance validation and system testing prior to 

deployment of new policy or expansion of autonomy. Organizations will be able to test the effects of proposed 

changes to their policies, processes or constraints using historical scenarios prior to implementation. This testing 

will expose potential unintended consequences and ensure that governance and/or process changes are effective. 

Thus, digital twin replayability will decrease the risks associated with deployments and increase the overall 

reliability of a system (Burgos & Ivanov, 2021). 

The accuracy of replayable decision paths depend upon maintaining a high-fidelity synchronization of the 

physical operation states with the digital representations of those states. Synchronization errors or lags 

undermine the validity of replay analysis. High fidelity requires robust architectures for data ingestion and state 
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management. This highlights the importance of digital twins as operational tools as opposed to illustrative tools 

(Wu et al., 2022). 

Replayability will contribute to organizational learning and training. Governance and management personnel 

will be able to understand the dynamics of autonomous behavior through observing that behavior in realistic 

scenarios. The experiential learning derived from the observation of autonomous behavior will foster both trust 

and competency in overseeing autonomous systems (Kritzinger et al., 2018). Replayable decision paths will 

increase accountability by rendering autonomous behavior observable rather than abstract. Decision makers will 

be able to see how decisions were made and how they impacted outcomes. The observability provided by 

replayable decision paths will increase the legitimacy of institutions and will be key to long-term acceptance of 

autonomous decision-making (Ivanov & Dolgui, 2021). Therefore, digital twin replayability will elevate 

auditability from static inspections to dynamic verifications. Agentive supply chains will be not only traceable 

but experientially understandable, thereby enabling robust governance in complex environments (Kuehn, 2018). 

Causal Attribution 

Attribution of cause is important to the management of agentic supply chains because virtually all operational 

events in such systems are the result of the interactions of several autonomous decision-making entities. As a 

result, service failures, price increases, inventory imbalance, regulatory violations and downstream disruptions 

result from the sequence of decisions taken by each entity in response to uncertainty and partial visibility. In 

agentic systems there are many potential simultaneous influences on procurement, routing, allocation and 

fulfillment, and exogenous events such as port closures, supply interruptions and changes in demand create 

changing circumstances for entities. Attribution creates a defensible connection between decisions and their 

consequences, creating accountability based upon supply chain dynamics, rather than mere association (Ivanov, 

2020). Such accountability is critical to organizational learning, regulatory credibility and risk governance in 

high consequence environments. 

Attribution in supply chain operations must recognize that each decision is an intervention that modifies the path 

of the system's state at different points in time (Brodersen et al., 2015). An allocation decision will change the 

location of inventory and affect the feasibility of service in subsequent periods. A routing decision will change 

the distribution of lead times and will pass variability to production scheduling. A sourcing decision will increase 

the entity's vulnerability to suppliers and will change the probability of disruptions. Attribution must therefore 

include the modeling of how each decision is propagated through inventories, capacity and constraint, rather 

than simply whether each decision occurred at the same time as the event. Attribution includes a temporal and 

structural understanding of the propagation of decisions through a supply chain and is consistent with the notion 

that supply chains are coupled dynamic systems characterized by feedback loops and time delays (Ivanov & 

Dolgui, 2021). 

Causal attribution has value to businesses in the form of the ability to differentiate between the occurrence of an 

event due to excessive risk realization versus failure of policy. A disruption may occur even if all decisions were 

prudent and compliant, especially in the presence of extreme uncertainty. Conversely, a large loss may occur 

due to the fact that the policy decisions implicitly concentrated risk, amplified volatility and ignored constraints 

in the edge cases. Accountability enabled by attribution allows governance bodies to identify whether the 

undesirable event was caused by an external shock that could not have been reasonably controlled, or by a policy 

decision that should be corrected. This differentiation is necessary to maintain trust in autonomy without 

expecting unachievable perfection (Burgos & Ivanov, 2021). 

Causal attribution also provides the analytical framework for corrective action. Without attribution, 

organizations will generally react to failure by restricting autonomy broadly, or by granting blanket approval 

that will degrade performance. Attribution will allow for the identification of the need for correction of specific 

policy decisions, including the tightening of constraints for specific decision classes, the adjustment of escalation 

thresholds in specific contexts, or the modification of reward structures that encourage risky behavior. In supply 

chains where the business value of autonomy is dependent on speed and scale, targeted remediation will preserve 
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value while increasing safety and compliance. Attribution therefore serves as a stabilization mechanism for 

governance to prevent over-reaction and maintain institutional confidence (Brodersen et al., 2015). 

Another advantage of causal attribution is its role in the auditability and defensibility of an organization's actions 

under regulatory and contractual review. Regulators and contract partners often do not just want to know what 

occurred, they want to know why it occurred and what decisions contributed to the materiality of the event. 

Attribution enables organizations to provide evidence-based narratives that link autonomous decisions to 

observed outcomes through traceable mechanisms. The use of attribution will decrease the possibility of adverse 

regulatory interpretation, strengthen positions in contractual disputes and provide a transparent report to boards 

and oversight functions. In regulated supply chains, causal attribution can serve as a requirement for increased 

levels of autonomy (Cheney et al., 2009). Causal attribution in agentic supply chains must also consider the 

interaction effects of multiple agents. Outcomes may be influenced by coordination failures that result in locally 

optimal decisions being combined to generate globally suboptimal outcomes such as oscillating inventory 

exchanges, congestion amplifications or cascading supplier switching events. Attribution must account for these 

interaction effects by examining the decision sequences and joint action patterns that generated the outcome, 

rather than attributing the outcome to an individual agent. This type of examination will support governance by 

determining whether problems result from flawed policy decisions or coordination architectures that require 

design revision. In complex networks, attribution that accurately identifies problem origins will enhance both 

technical improvement and organizational accountability (Abideen et al., 2021). 

The formalization of causal attribution can be defined through a counterfactual marginal contribution of an action 

to an outcome. Let O denote an outcome of interest, such as total cost, delay, shortage rate, or exposure to 

compliance; and let a_1,a_2,...,a_n denote the realized sequence of decisions within a given horizon. The 

marginal causal contribution of decision a_k to an outcome Ocan be defined by comparing the realized outcome 

to a counterfactual outcome in which a_k has been substituted with a null or baseline alternative, while a_k is 

held constant. 

Δ𝑂𝑘 = 𝑂(𝑎1 , … , 𝑎𝑘 , … , 𝑎𝑛) − 𝑂(𝑎1 , … , 𝑎𝑘−1, ∅, 𝑎𝑘+1, … , 𝑎𝑛) 
Attribution defines the incremental difference between the realized trajectory and the counterfactual trajectory 

in which the decision is absent or neutralized (Verma et al., 2024). In supply chain contexts, the counterfactual 

term is generally calculated using a replay mechanism such as a digital twin that replicates system dynamics 

under the altered decision sequence. Attribution provides a governance function because it distinguishes between 

decisions that produced a material change in outcomes and decisions that were simply incidental to an outcome, 

thereby providing accountable responsibility, rather than general accountability (Brodersen et al., 2015). 

Causal attribution also supports strategic performance optimization by demonstrating which decision classes 

produce the highest marginal impact on key outcomes. If decisions regarding routing produce consistently high 

marginal contributions to delay variance, governance can focus on policy improvements in transportation. If 

decisions related to switching suppliers produce consistently high marginal contributions to cost volatility, 

governance can revise the constraints on switching suppliers, or implement hysteresis mechanisms to reduce the 

frequency of switches. By identifying which decision classes have the greatest marginal impact on performance, 

attribution transforms attribution into a value instrument for business strategy, by directing investments towards 

the decision levers that most directly affect financial and service performance. The overall effect is a more 

efficient and stable autonomy regime (Guo et al., 2025). 

Causal attribution must also account for the existence of uncertainty and partial observability. Supply chain 

outcomes represent stochastic disturbances and measurement errors, and counterfactual analysis is susceptible 

to model error. Therefore, governance frameworks consider attribution as probabilistic evidence rather than 

absolute certainty, combining attribution results with confidence measures based upon model fit, data quality, 

and variance of scenarios. This disciplined approach to accounting for uncertainty will improve the credibility 

of attribution results with auditors and regulators, as it avoids overstating deterministic causality while providing 

a structured accountability framework. In mature agentic supply chains, attribution results will be used in 

ongoing governance reviews and risk committee meetings (Ivanov, 2020). 
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Causal attribution provides the final layer of the auditability and traceability stack by establishing a causal 

relationship between the origin of decisions and the resulting outcomes through a defendable counterfactual 

argument (Brodersen et al., 2015). Provenance describes the history of the decisions made and the constraints 

under which the decisions were made; explainability describes the process by which the policies selected the 

actions taken; and attribution describes how the actions selected impacted the realized operational trajectory. 

Collectively, these three concepts provide a transparent and defensible autonomy that can be employed in 

regulated and high-risk environments. Causal attribution addresses a significant adoption barrier by providing a 

credible basis for accountability, remediation and continuous improvement of autonomous decision-making 

regimes (Brodersen et al., 2015). 

Data Sovereignty in Global Agentic Supply Chains 

Data Localization Constraints 

Data localization rules now shape structural conditions for global supply chains, as governments establish 

authority over how data created in each country is stored, processed, and transmitted (Taylor, 2020). In agentic 

supply chains, which make decisions autonomously using real-time data, the ability to store process and transfer 

data is restricted due to data localization rules, resulting in architectural changes to the way intel ligence is used 

and exercised in autonomous global supply networks. 

As it relates to supply chain operations, the data required to be stored locally to meet localization requirements 

can include: transactional data; contractual agreements with suppliers; current inventory levels; shipment 

tracking data; and increasingly, sensor data and operational telemetry. The majority of countries require 

companies to store data either within its borders or process data only via equipment that is located within a 

country's boundaries (Taylor, 2020). Therefore, for agentic systems that utilize total visibility throughout their 

networks, data fragmentation limits the total information available to agents for decision-making. Agents, 

therefore, must operate under "partial observability" where some data cannot be aggregated centrally nor freely 

shared (Bernstein et al., 2002). The condition of partial observability changes the design architecture of decision 

intelligence for agentic systems. 

Regulatory rationales for data localization often extend beyond the domain of privacy to include economic and 

strategic rationales (Hummel et al., 2021). Governments view supply chain data as a strategic asset that discloses 

industrial production capabilities, trade dependency relationships, and vulnerabilities in critical infrastructure. 

Therefore, governments impose restrictions to prevent foreign entities from accessing or controlling the data. If 

agentic supply chains fail to comply with localization requirements, they will face potential regulatory penalties, 

mandatory divestitures, or exclusion from major markets. Thus, compliance with localization requirements is 

not just a legal obligation, but a necessary condition for agentic supply chains to sustainably operate globally.  

From a business perspective, data localization creates tradeoffs between the extent to which companies can 

exercise intelligence, and their ability to comply with regulatory requirements. Companies attempting to 

circumvent localization rules by transferring data informally, risk facing severe penalties and reputational 

damage. Conversely, if companies choose to overly segregate data to avoid regulatory issues, they risk degrading 

their ability to execute timely and responsive decisions. Therefore, agentic systems must be designed to respect 

the limitations imposed by localization rules while maximizing the use of locally available data (Kairouz et al., 

2021). Achieving this balance will require the development of sophisticated architectures versus relying solely 

on policy-level enforcement. 

Data localization rules also impact the governance and accountability of autonomous systems. Agents' decisions 

must be traceable back to the data sources that exist within a jurisdiction's legal framework. Provenance records 

must provide evidence of not only how decisions were made, but also where the underlying data existed at the 

time of the decision. Thus, data localization rules expand auditability to include the spatial dimensions of data 

governance. As such, autonomous systems must maintain knowledge of the location of the data (residency) as 

part of the decision-making context (Hummel et al., 2021). The relationship between data localization constraints 

and real-time decision-making poses additional challenges in logistics and fulfillment. Decisions regarding 

routing and allocation typically involve cross-regional coordination under stringent time constraints. Data 
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localization rules can limit access to upstream or downstream data that exists in another jurisdiction. Therefore,  

agentic systems must develop alternative solutions including predictive modeling, local approximations, or 

delayed synchronization to mitigate the effects of data localization. Such workarounds add uncertainty to the 

decision-making process, which must be addressed through explicit representations in decision logic (Zhang et 

al., 2022). 

Data localization also impacts the strategies of vendors and platforms. Cloud-based centralize architectures may 

be infeasible in jurisdictions where sovereign infrastructure is required. Therefore, organizations may be required 

to implement regional compute clusters that are operated by local authorities (Bonomi et al., 2012). Therefore, 

data localization rules force agentic supply chains to pursue decentralized infrastructures as a governance 

requirement versus a performance optimization. Such decentralization has implications for costs and complexity 

that must be integrated into a company's business strategy. Furthermore, data localization rules create additional 

complications in responding to incidents and managing risks. When companies experience disruptions, they may 

seek to collect data quickly and efficiently from across multiple regions to support their response efforts. 

However, data localization rules may prevent the aggregation of data from different regions during times when 

companies require global visibility (Taylor, 2020). Therefore, agentic systems must be designed with built -in 

mechanisms for accessing data during emergencies while complying with data localization rules, or with local 

autonomous response that does not rely on a centralized control structure (Taylor, 2020). 

In the long run, data localization rules will lead to a transition from monolithic global intelligence to regionally 

autonomous decision ecosystems. Therefore, agentic supply chains will evolve into a federation of local 

intelligence nodes that share data in a constrained manner (Yang et al., 2019). This evolution will challenge 

traditional notions of global optimization, but aligns the autonomy of agentic systems with the geopolitical 

realities of localized data storage (Hummel et al., 2021). Ultimately, data localization rules define the boundary 

between what agentic global supply chains can know versus what they must infer. Instead of viewing localization 

as an afterthought, organizations should treat localization as a first-class architectural constraint to enable them 

to build autonomous systems that are both compliant and resilient. Building such autonomous systems is critical 

to sustaining agentic supply chains in an environment of digital sovereignty (Hummel et al., 2021).  

Sovereignty Aware Digital Twin Partitioning 

Sovereignty-aware digital twin partitioning takes data localization ideas further in the modeling and simulation 

layers of agentic supply chains (Tao, Zhang, Liu, & Nee, 2019). Sovereignty-aware digital twins traditionally 

have been assumed to be part of a unified supply network representation in which all related data are consolidated 

into a single model. However, in the case of sovereign entities, this assumption will no longer hold. Digital twins 

must therefore be partitioned to recognize the legal and jurisdictional boundaries of each entity while still 

enabling autonomous decision-making. Thus, partitioning will become a fundamental design feature of digital 

twins rather than an implementation feature. As supply chain applications digital twins model inventory flows 

production capacity transportation networks, and contractual relationships (Tao, Cheng, Qi, Zhang, Zhang, & 

Sui, 2018), sovereignty-aware partitioning must segment these models based on the rules governing data 

residency. Each regional twin will run on data permitted by law in its respective region while either abstracting 

or anonymizing dependency on other regions. Segmentation will provide assurance that both simulation and 

decision validations occur within the bounds of applicable laws, while simultaneously providing operational 

relevance. 

The way in which scenario analysis and stress tests are performed will also change with partitioned digital twins. 

Global scenarios will be broken down into regional simulations which will communicate through constrained 

interfaces. For example, a disruption in one country may be represented to another region as an aggregate signal 

representing the potential impact of that event, rather than as raw data. Therefore, agentic systems will be 

required to use abstraction techniques to understand cross-regional impacts without having direct knowledge of 

those impacts. The importance of designing strong interfaces between twin partitions will thus increase (Tao, 

Zhang, Liu, & Nee, 2019) . From a regulatory point of view, partitioning provides sovereignty-aware digital 

twins greater regulatory defensibility. Organizations can demonstrate that they do not send their sensitive 

operational data outside of their own jurisdiction, while at the same time maintaining the capability to make 
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decisions regarding that data. Transparency regarding the handling of operational data will reduce regulatory 

barriers, build confidence in organizations' commitment to compliance, and create trust with authorities. Digital 

twins will therefore function as compliance instruments as well as operational tools (Tao, Cheng, Qi, Zhang, 

Zhang, & Sui, 2018). 

Partitioning also will affect the workflows used for validating decisions. Policies developed or proposed in one 

region cannot be validated using the full global state; instead, validation must occur using the local twin partitions 

along with synthetic representations of external behavior. This constraint means that care must be taken in 

developing validation metrics that will assure that decisions made under incomplete information remain valid. 

Any governance framework applied to these digital twins must take this constraint into consideration. Business-

wise, the partitioning of digital twins may result in additional costs associated with infrastructure and 

coordination complexity. Multiple regional twins must be operated, synchronized and managed/governed. 

However, the benefit derived from being able to operate in jurisdictions that could not allow advanced analytics 

or autonomy, will likely outweigh the added expense. In essence, the partitioning of digital twins will open up 

markets to organizations that could not previously operate in those markets due to restrictions on advanced 

analytics or autonomy. 

Partitioning also adds to the resiliency of agentic supply chains. Even if cross-border connectivity is severely 

limited or eliminated, regional twins can continue to operate autonomously. This capability is especially 

beneficial in geopolitical risk scenarios where data flows may be intentionally or unintentionally disrupted. As 

such, agentic supply chains that have partitioned digital twins will be more resilient during severe disruptions 

(Bonomi et al., 2012). 

However, partitioning does present some challenges to the learning and optimization functions. Global patterns 

may be more difficult to identify and utilize when data is partitioned. Agentic systems will therefore have to rely 

on federated insights or shared abstractions rather than pooling raw data. The limitations presented here reinforce 

the necessity of developing sophisticated mechanisms for coordinating activities across twin partitions (Zhang 

et al., 2022). Finally, from an organizational viewpoint, sovereignty-aware digital twin partitioning will 

significantly change how global supply chain governance is practiced. Control will be decentralized and 

distributed among multiple regional autonomy entities. This trend in control is consistent with broader trends in 

geopolitical decentralization and regulatory fragmentation. Therefore, sovereignty-aware partitioning transforms 

digital twins from monolithic mirrors into modular governance-aware simulation environments. The 

transformation is necessary to accommodate agentic supply chains and their autonomous decision-making 

capabilities within the confines of data sovereignty realities (Tao, Zhang, Liu, & Nee, 2019). 

Federated Learning 

Agencies face an inherent trade-off when optimizing their supply chains across borders. The typical classical 

method of optimization, referred to as global optimization, considers the entire network, coordinates all decision-

making functions throughout the network, and shares all information regarding the network. However, agencies 

do not have full control over their networks; they are limited by data sovereignty requirements, which prohibit 

them from sharing data across borders and make it impossible for them to have centralized control over their 

networks. As such, agencies must consider trade-offs between achieving locally optimum solutions using the 

available information and achieving globally optimum solutions (Bernstein et al., 2002). Supply chains typically 

use local optimization for supply chain operations. While local optimization can enhance an agency's ability to 

respond to changes within its region of responsibility and increase the agency's compliance with regulations at 

the local level, it may decrease the global efficiency of the supply chain. For example, the use of regional 

inventory optimization could improve the agency's ability to meet local demand while simultaneously increasing 

the amount of inventory held by the agency and thus decreasing the overall efficiency of the supply chain. 

On the other hand, a global optimization solution would likely result in decreased costs for the supply chain, but 

would most likely violate the agency's localization and regulatory requirements. Thus, agencies must take into 

consideration both the local objectives of each segment of the supply chain and the global objectives of the 
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supply chain as a whole. In particular, agencies should consider how their local optimization objectives will 

impact their global optimization objectives. 

From a theoretical perspective, the trade-off between local optimization and global optimization can be framed 

as a trade-off between the optimization space defined by the agency's data sovereignty requirements and the 

global optimization space. Clearly, no global optimum can be achieved if data cannot be shared freely across the 

organization. As such, the agency must find a constrained optimum that respects the agency's jurisdictional 

boundaries. The shift in the optimization problem from unconstrained global efficiency to compliant network 

performance (Hummel et al., 2021), highlights the need for the agency to consider the trade-off between local 

and global objectives as part of the optimization process. Failure to manage this trade-off effectively can lead to 

serious consequences for both the compliance and performance of an agency. On one hand, failure to coordinate 

decisions among segments of the supply chain can lead to inefficient decision making and a lack of economies 

of scale. On the other hand, failure to comply with data sovereignty requirements can lead to regulatory 

sanctions, loss of market access and damage to reputation. Agencies must therefore develop a set of logical rules 

that capture the trade-off between local and global objectives and reflect their organization's priorities, risk 

tolerance and regulatory position. 

As discussed above, digital twins and federated learning offer the potential to help navigate the trade-off between 

local and global objectives by allowing agencies to achieve approximately global reasoning and coordination 

without having to share data directly. Through the use of digital twins and federated learning, local agents can 

optimize based on local state while coordinating through abstract signals or shared models (Irfan et al., 2024). 

The coordination enabled through digital twins and federated learning allow local agents to achieve some degree 

of alignment with the global objectives of the supply chain while respecting the agency's sovereignty constraints. 

The trade-off between local and global objectives can be formally expressed as a constrained optimization 

objective. A global performance metric J_g represents the agency's global objectives while a vector of regional 

performance metrics J_r represents the regional objectives of each segment of the supply chain. Sovereignty 

constraints S_r, r∈R define the agency's data sovereignty requirements. The constrained optimization objective 

is: 

max⁡
𝜋

  𝐽𝑔(𝜋)subject to𝜋 ∈ ⋂𝑆𝑟
𝑟

 

The constrained optimization objective highlights that the agency's global objectives can only be achieved within 

the intersection of the agency's regional sovereignty constraints. The constrained optimization objective makes 

it clear that feasible policies are defined by jurisdictional rules rather than purely technical considerations (Yang 

et al., 2019). The trade-off between local and global objectives has implications for governance and 

accountability. Decisions made by regional units may appear to be reasonable from a local perspective, but 

ultimately lead to suboptimal global results. To address this issue, governance frameworks must establish 

acceptable levels of global inefficiency in exchange for compliance and resilience. Establishing such standards 

must be done in a transparent manner to avoid ambiguity regarding accountability (Taylor, 2020). Finally, the 

trade-off between local and global objectives has implications for the organizational structure of an agency. 

Decision authority can be devolved to regional units with coordination mechanisms instead of relying on 

centralized command. An organizational structure that aligns autonomy with sovereignty requires effective 

governance to mitigate the risk of fragmentation (McMahan et al., 2017). 

From a resilience perspective, regional autonomy provides greater robustness against disruptions caused by 

geopolitical events. If the agency is unable to coordinate decisions across borders due to disruptions, regional 

units can continue to operate independently. The resilience benefits of regional autonomy must be considered 

relative to the efficiency losses associated with decentralized decision making during normal times (Zhang et 

al., 2022). In summary, the trade-off between local and global optimization defines the strategic boundaries of 

autonomous supply chains under sovereignty constraints. Instead of considering the trade-off as an implicit 

constraint of optimization, agencies can treat the trade-off as a design variable to create autonomous systems 

that are both compliant and competitive (Haripriya et al., 2025). 
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Risk Containment and Failure Management 

Agent Drift Detection 

Agent drift detection has been identified as a fundamental function for maintaining consistency among 

autonomous decision-making processes and organizational goals in agentic supply chains (Gama et al., 2014) . 

Agentic systems dynamically update their internal decision-making rules based on changing data distributions, 

operational feedback, and environment volatility (Bifet & Gavalda, 2007), which is required for performance in 

supply chains subject to fluctuating demand; geopolitical uncertainty; and supplier uncertainty. However, the 

adaptive nature of these systems poses a risk that their decision-making processes will diverge from business 

objectives; compliance requirements; and/or risk tolerance over time. Drift detection serves as a means to ensure 

that learning continues to be consistent with governance instead of uncontrolled.  

In operational supply chain settings, initial symptoms of drift may manifest themselves in gradual changes in 

priorities rather than catastrophic failure. For example, an agent might slightly favor less expensive 

transportation routes resulting in marginal increases in regulatory exposure or delivery variability. Alternatively, 

another agent may determine that meeting customer service requirements is paramount at the expense of 

inventory efficiency which results in long-term cost inflation. As noted above, many of these types of deviations 

typically remain undetectable using aggregated performance metrics until these deviations are manifested in 

operational or compliance failures. Therefore, the primary focus of drift detection is to monitor behavioral trends 

as opposed to evaluating singular performance events. 

To effectively identify drift in operational supply chain settings, it is imperative to define dynamic boundaries 

of acceptable behavior as opposed to rigid baselines. Because supply chain environments are inherently non-

stationary, fixed baselines rapidly become outdated. Drift detection systems must assess whether observed 

behavior continues to fall within the context-adjusted boundaries that have been established through governance 

objectives and operational conditions (Truong et al., 2020). The use of dynamic boundaries provides a 

mechanism to distinguish healthy adaptation from unhealthy deviation allowing for the preservation of learning 

benefits while mitigating misalignment. 

From a governance standpoint, drift detection represents a paradigmatic shift from episodic oversight to 

continuous assurance. Traditionally, governance is conducted through periodic audits or performance reviews 

that are insufficient to address the rapid decision-making pace of machines. Instead, drift detection embeds 

oversight directly into the system architecture providing early warning signals as behavior changes. Therefore, 

drift detection is consistent with governance by design principles and facilitates proactive remediation. The 

potential for business-related impacts due to drift detection is considerable since it can prevent slow-moving 

failures that are difficult and costly to correct. A number of supply chain disruptions associated with automation 

have occurred due to the cumulative misalignment of decision-making processes that resulted in single erroneous 

decisions. Therefore, early detection of drift allows for corrective action prior to contractual breaches; regulatory 

violations; or reputational damage occurring, reducing the financial liability associated with containing these 

failures and supporting stakeholder confidence. 

Furthermore, drift detection enables organizations to delegate greater authority to agentic systems with increased 

confidence. Since managers are more likely to authorize decision-making authority to agentic systems when 

safeguards are provided to detect misalignment early, drift detection supports accelerated adoption of autonomy 

throughout procurement, logistics and inventory planning activities; thereby enabling organizations to realize 

performance improvements that may not have otherwise been achieved. In multi-agent supply chains, drift often 

manifests itself at the system level rather than individually at the agent level. While locally rational decisions 

made by multiple agents may collectively produce unstable global patterns of behavior (e.g. oscillatory inventory 

transfers, congestion amplification, or supplier switching cascades), drift detection must therefore consider 

aggregate behavior and coordination dynamics in addition to individual agent-level metrics (Zhang et al., 2021). 

It is essential for drift detection to include consideration of system-level phenomena in order to preclude 

emergent failure mechanisms. 
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Finally, drift detection provides organizations with additional support for regulatory defensibility by 

demonstrating ongoing continuous monitoring of autonomous behavior. Increasingly, regulators require 

documentation demonstrating that organizations proactively supervise AI-driven decisions rather than solely 

relying upon static compliance assertions. Therefore, the log files generated through drift detection provide 

organizations with this type of documentation through recording ongoing alignment checks and corrective 

actions. With regard to organizational learning, drift detection generates knowledge regarding how decision 

policy evolves in response to real-world conditions. Analysis of drift patterns provides insights to refine 

objectives, constraints, and reward structures. Through this feedback loop, the quality of governance and the 

performance of operational activities are continually strengthened over time. Ultimately, agent drift detection 

preserves the integrity of agentic supply chains by ensuring that autonomy is purposeful and not opportunistic. 

Through the integration of continuous alignment monitoring into system design, organizations can maintain 

adaptive intelligence without diminishing accountability; trust; or control. 

Rollback and Safe Recovery Mechanisms 

In order to provide an understanding of the role of rollback capabilities and safe recovery mechanisms in 

managing risk in agent-based supply chains, it is necessary to examine these two concepts together. As stated 

previously, autonomous execution of decisions must remain reversible; however, there is no guarantee that 

autonomous decision-making will always result in acceptable outcomes. Therefore, autonomous decision-

making must include the ability to reverse decisions, or "roll back," when those decisions produce unacceptable 

results. The objective of this paper is to examine what rollback capabilities mean to agent-based supply chains 

and how they manage risk. Agent-based supply chains operate continuously, making interdependent decisions 

throughout procurement logistics, inventory positioning, and fulfillment. Because of this continuous nature of 

the agent-based supply chain, a short sequence of uncoordinated actions can spread rapidly through tightly-

coupled networks. As a result, a key component of any strategy for containing risk in agent-based supply chains 

is to create rollback capability - a structural safeguard that recognizes that errors will occur but preserves the 

performance advantages of autonomous action. 

However, rollback capability is not simply about reversing actions taken by the autonomous agent. Rather, it 

involves controlling the recovery of a supply chain to a stable condition following the occurrence of an error. 

For example, when inventory is redistributed or shipments are rerouted, the downstream feasibility conditions 

(e.g., capacity availability, contractual exposures, and service commitments) change. If a naive undo operation 

is used to reverse the actions taken by the autonomous agent, it could potentially reintroduce instability into the 

supply chain. Furthermore, many of the decisions made by autonomous agents are interdependent and sequential. 

Therefore, rollback mechanisms need to safely recover the system to a stable operating region rather than attempt 

to restore the system to its exact prior state. This approach reflects the fact that supply chains are path-dependent 

systems (Ivanov, 2017). 

Rollback mechanisms operationalize the concept that delegated autonomy is still subject to the authority of the 

organization. Delegating autonomy to agents enables them to make decisions independently, but it does not 

relieve the manager of their ultimate responsibility for the consequences of those decisions. Rollback 

mechanisms provide a tangible way for managers to exercise that responsibility without completely eliminating 

autonomous decision-making. As such, rollback mechanisms allow organizations to implement a graded control 

structure where the organization can intervene surgically when risk levels are exceeded, while continuing to 

permit autonomous decision-making in other areas of the network. 

As a result of the potential for autonomous routing and allocation decisions to rapidly build financial exposure, 

the business value of rollback capabilities is most evident in high-velocity logistics and fulfillment applications. 

Autonomous routing and allocation decisions can continue to increase financial exposure until some corrective 

action is taken, at which point the exposure will begin to decrease. Rollback can prevent compound interest from 

increasing the exposure beyond a certain point, thereby preventing the financial exposure from becoming 

systemic in nature. Rollback provides the financial protection needed to protect profit margins, service reliability 

and customer confidence. Thus, rollback represents a method to control financial risk, as well as to control 

technical risks. 
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To effectively design rollback mechanisms, it is essential to classify decisions in terms of their reversibility, their 

impact, and their time-sensitivity. Some decisions, such as virtual inventory commitments or planning 

recommendations, are very reversible with little or no financial cost. Other decisions, such as physically shipping 

goods, canceling contracts, or terminating services, can become irreversibly committed once they are initiated. 

To ensure that high-risk decisions receive sufficient oversight, safe recovery mechanisms should incorporate 

provisions to delay the execution of high-risk decisions by longer periods of time, impose higher approval 

thresholds, or require additional review and validation. These provisions will help ensure that high-risk decisions 

do not impede the normal flow of routine operations. Rollback mechanisms are inherently integrated with 

provenance logging and digital twin technologies. Provenance logging technology is used to capture the specific 

sequence of decisions and state transitions that require rollback or containment. Digital twin technology is used 

to simulate alternative recovery scenarios to determine whether alternative recovery plans will successfully 

stabilize the supply chain or cause further disruption (Tao et al., 2019). Together, these technologies will ensure 

that recovery actions are grounded in the dynamics of the supply chain and not based upon uninformed intuition, 

which is particularly important in large and complex supply chains. 

In addition to supporting the ability of organizations to maintain control over autonomous decision-making, 

rollback capability will also help to promote trust among internal stakeholders and external regulatory agencies 

that autonomous decision-making will not eliminate all controls over decision-making. When organizations have 

established clear recovery options, managers are more likely to delegate autonomous decision-making authority 

to agents. Similarly, when regulatory agencies see that autonomous systems are designed to be reversible, they 

are more likely to permit the use of autonomous decision-making systems. However, the safe recovery 

mechanism itself must operate within the confines of applicable laws, regulations, and contractual agreements. 

For example, the recovery actions required to correct the problem caused by an error may trigger a contractual 

obligation or penalty. Therefore, it is necessary to establish a framework for governance that includes recovery 

policies that are compliant with relevant laws and regulations. 

In addition to providing an assurance mechanism for stakeholders that autonomous decision-making is 

reversible, rollback mechanisms can also be used to facilitate continuous improvement. Following each 

intervention, the organization can analyze what decision patterns, environmental conditions, and/or coordination 

failures led to the need for recovery. That knowledge can then be used to refine the organization's policy space, 

escalation thresholds, and governance constraints. Over time, the organization can develop greater resiliency by 

learning how to respond to errors more quickly and efficiently rather than trying to avoid errors altogether. When 

multiple agents are involved in a supply chain, the process of recovering from errors can become problematic. 

Specifically, when one agent reverses decisions that were made autonomously, it may render invalid the 

assumptions made by other agents. Therefore, safe recovery mechanisms need to coordinate the recovery efforts 

of all agents involved so that the recovery of one agent does not destabilize the entire supply chain. Coordinating 

recovery efforts among multiple agents can be done through coordinated rollback protocols that ensure 

consistency among agents who share resources, planning horizons, etc. (Li et al.,  2020). 

Finally, by embedding the principles of reversibility, stabilization, and coordinated intervention into the design 

of the architecture of autonomous supply chains, organizations can achieve high degrees of autonomy while at 

the same time protecting the interests of stakeholders, promoting resiliency, and establishing trust. 
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Figure 8: Rollback Strategy  

 

Simulation Based Stress Testing 

Simulation-based stress testing is a method for examining the reliability and safety of autonomous supply chain 

systems prior to their occurrence in actual supply chain operations. Unlike traditional supply chain testing 

methods that focus on average performance and historical data, simulation-based stress testing is a method for 

evaluating the behavior of autonomous decision-making systems during extreme low-probability high-impact 

events. During typical operation, autonomous decision-making systems can operate within acceptable bounds; 

however, under stress conditions, the systems may behave erratically or in unsafe ways. Simulation-based stress 

testing creates a controlled environment in which the behavior of autonomous decision-making systems can be 

examined during stressful events without risking physical damage to equipment or regulatory breaches. The 

controlled nature of simulation-based stress testing creates a "sandbox" in which autonomous agents can interact 

with simulated disruptions such as a port closure, a supplier bankruptcy, a transportation capacity reduction, or 

a sudden surge in demand. 

Examination of autonomous decision-making systems under stress conditions will allow organizations to 

evaluate the stability of decisions, the effectiveness of coordination among agents, and compliance with 

governance requirements. Therefore, simulation-based stress testing transforms digital replicas of physical 

supply chain assets, referred to as "digital twins," into active tools for managing risks associated with 

autonomous decision-making systems. One of the key aspects of designing a stress testing program is developing 

valid stress scenarios. To be effective, stress scenarios need to be both extreme and realistic so that potential 

vulnerabilities in the supply chain are revealed, rather than being artificially induced. For example, in supply 

chain stress testing, scenarios should include correlated disruptions such as a supplier bankruptcy occurring 

simultaneously with increased regulatory oversight or a series of cascading logistics delays resulting from a 

major outage at a critical transportation facility. Additionally, the development of stress testing scenarios requires 

consideration of the interdependencies that exist between procurement, production, and delivery activities. Stress 

testing programs that use poorly constructed stress scenarios risk either exaggerating the vulnerability of the 

supply chain or providing false assurances about its capabilities. Therefore, the construction of rigorous stress 

testing scenarios is critical to achieving meaningful outcomes from stress testing programs (Shapiro et al., 2014). 

Simulation-based stress testing also enables the evaluation of the coordination behavior of autonomous decision-

making systems when subject to stress. Autonomous decision-making systems may exhibit emergent behaviors 

in multi-agent systems that do not occur in individual decision-making tests. When stressed, coordination 

mechanisms among agents may fail causing oscillatory inventory transfer patterns, congestion amplifications, 

and resource conflicts. Stress testing identifies these coordination failures, thereby providing an opportunity for 
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governance teams to redesign communication protocols and coordination mechanisms before deployment 

(Zhang et al., 2021). From a governance perspective, simulation-based stress testing provides an ex-ante 

validation of the boundaries of autonomy. Governance constraints and escalation thresholds may appear 

adequate under nominal conditions, but may be insufficient during stress conditions. Simulation testing 

determines if agents adhere to compliance constraints when faced with severe trade-offs, or if they improperly 

prioritize performance objectives. This insight enables governance parameters to be modified proactively, rather 

than reactively, after a failure. Thus, simulation-based stress testing operationalizes governance-by-design 

principles. 

There are significant business benefits to simulation-based stress testing. Most notably, simulation-based stress 

testing reduces exposure to tail risk events that could threaten organizational viability. Supply chain failures 

often result from rare event combinations that were not previously considered. Stress testing enables 

organizations to systematically examine these event combinations and identify failure modes that may remain 

unknown. By identifying these failure modes and mitigating them in advance, organizations reduce their 

exposure to catastrophic supply chain disruptions and maintain stakeholder confidence (Ivanov, 2017). 

Additionally, simulation-based stress testing facilitates engagement with regulatory agencies and satisfies 

regulatory requirements for approval of autonomous systems. Regulatory bodies increasingly expect 

organizations that deploy autonomous systems to demonstrate that they have examined the behavior of those 

systems during adverse conditions. Providing regulatory agencies with simulation-based evidence of the 

assessment of autonomous systems' behavior during adverse conditions fosters greater regulatory trust and may 

be necessary in higher-risk industries, such as pharmaceuticals, defense, or critical infrastructure logistics. Thus, 

simulation-based stress testing serves as a compliance-enabling capability rather than solely a technical exercise. 

To effectively conduct stress testing, organizations must consider the uncertainty and variability present  in 

supply chain environments. Events rarely unfold in deterministic fashion and autonomous decision-making 

systems' behavior can vary between simulation runs due to random elements of the decision-making process. 

Therefore, effective stress testing requires multiple simulation runs and statistical analysis of the results to 

determine the robustness of the system rather than analyzing individual run trajectories. This probabilistic 

approach to assessing supply chain risk is consistent with the experience of supply chain managers and helps to 

avoid overconfidence in isolated simulation results (Shapiro et al., 2014). Simulation-based stress testing enables 

organizations to comparatively evaluate alternative decision policies and governance structures. Organizations 

can simulate how different constraint values, escalation thresholds, and coordination architectures behave under 

the same stress scenarios. The controlled comparison enabled by simulation-based stress testing supports 

evidence-based design of governance by illustrating which configurations achieve the optimal balance between 

performance, resilience, and compliance. Due to the operational risks associated with live experimentation, 

obtaining this type of evidence-based information is difficult using other methodologies. A simple mathematical 

representation of stress testing can be formulated using the concept of expected loss given the stress scenarios. 

If S denotes a set of stress scenarios and L denotes a loss function representing the costs associated with service 

degradation or compliance breaches resulting from policy π: 

𝔼[𝐿 ∣ 𝜋] =∑𝑃(𝑠) ⋅ 𝐿(𝑠, 𝜋)

𝑠∈𝑆

 

This formula illustrates the principle that the evaluation of governance and decision-making policies under stress 

is dependent upon both the probability of each stress scenario occurring and the impact of each scenario. Since 

simulation provides estimates of these two variables, simulation-based stress testing enables informed decision-

making about governance policies (Shapiro et al., 2014). Simulation-based stress testing also facilitates 

organizational learning and preparedness for potential crises. Governance teams and decision-makers gain an 

understanding of the complex failure dynamics that cannot be intuited from the experience alone. This 

understanding enables better preparation for responding to crises and a deeper understanding of how systems 

behave under duress. As the number of simulations increases, stress testing becomes an integral part of 

organizational culture and enhances resilience. Simulation-based stress testing transforms risk management in 

agentic supply chains from a reactive response to a proactive validation of the reliability and safety of 

autonomous decision-making systems. Rather than relying on post-failure corrective action to address issues that 

arise in supply chains, simulation-based stress testing allows organizations to proactively validate the reliability 
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and safety of autonomous decision-making systems, and therefore, to incorporate resilience into system design 

(Ivanov, 2020). 

Resilience Under Adversarial Conditions 

Developing mechanisms to enable agentic supply chains to operate under adversarial conditions requires the 

development of architectures and governance structures to facilitate resilient operation (Goodfellow et al., 2015). 

Supply chains are becoming increasingly autonomous and data-driven, therefore, they will become increasingly 

attractive to individuals seeking to take advantage of the systems for financial, competitive advantage, or 

political leverage (Goodfellow et al., 2015). Autonomous systems can react to manipulated inputs mechanically 

and therefore potentially exacerbate the negative effects of adversarial attacks (Goodfellow et al., 2015). An 

explicit architecture and governance structure are needed to enable autonomous systems to operate safely in 

environments hostile to their interests (Goodfellow et al., 2015). 

Adversarial conditions can exist in several forms within supply chain operations, including; Data poisoning (the 

act of contaminating data), Falsification of Demand Signals, Spoofing Shipment Telemetry, Compromised 

Supplier Information, and Interference with Logistics Operations (He & Zhang, 2023). In contrast to stochastic 

disruptions that occur randomly, adversarial disruptions tend to be both strategic and adaptable (He & Zhang, 

2023). Adversaries adapt their tactics and strategy based upon the response of the affected organization and 

therefore, to effectively design and implement agentic supply chains, expect to receive deceptive or malicious 

inputs. 

A fundamental aspect of developing agentic supply chains capable of operating under adverse conditions is the 

assessment of the credibility of information sources in real-time. Supply chain agents receive data from a variety 

of sources, including internal enterprise systems, external suppliers, and partner systems. However, in an 

adversarial environment, it is reasonable to anticipate that some portion of the input received will be corrupted. 

To mitigate this issue, resilient agentic systems utilize redundancy, cross-validation, and consistency checking 

to verify if the received data is consistent with historical trends and other relevant data (Chandola et al., 2009). 

For instance, if an increase in demand occurs quickly with no commensurate increase in downstream 

consumption, it is most likely that the increase in demand was artificially created. If the system identifies that 

the received input is most likely false, the system can choose to avoid reacting aggressively to the input.  

From a governance perspective, the need to develop and implement mechanisms to provide for resiliency in the 

presence of an adversary will necessitate that agents react conservatively when they do not believe the inputs to 

the decision-making system (Goodfellow et al., 2015). When the system determines that the inputs to the 

decision-making system are unlikely to be trusted, the agents must revert to established policies that place 

emphasis on safety and compliance rather than aggressive optimization and expansion of operations (Goodfellow 

et al., 2015). Examples of how this can manifest itself include limiting the degree of change made to operational 

parameters, limiting the frequency of escalations, or reverting back to established baseline policies. Establishing 

and implementing governance structures that define fallback behaviors will assist in ensuring that the system 

responds in a predictable manner to an adversary's attempts to disrupt its operations, as opposed to responding 

in an ad-hoc manner (Yuan et al., 2019). 

The implications for businesses and organizations in developing mechanisms for resiliency in the presence of an 

adversary are substantial, primarily because the disruption of supply chains can result in severe financial and 

reputational consequences for organizations (Goodfellow et al., 2015). Misallocating inventory, or diverting 

shipments due to an adversarial actor can lead to widespread failures of service, customer dissatisfaction, and 

potentially regulatory action. By developing mechanisms for resiliency in their systems, organizations can 

preserve their revenue streams and protect their brand's reputation and trust, regardless of the environment that 

is hostile to their interests (Goodfellow et al., 2015). Resiliency has progressed from being a simple 

organizational defense mechanism to a competitive necessity. 

The concept of resiliency in the context of adversarial conditions has additional implications relative to the 

dynamics of coordinating multiple-agents in a supply chain. Coordinated attacks can exploit the interactions 

between multiple-agents to create instability, such as synchronized inventory oscillations or congestion cascades, 
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by inducing agents to collectively amplify their own instability (Mirsky et al., 2018). Resilient systems must 

monitor not only the behavior of each individual agent, but also the emergent patterns of behavior in the system 

that may represent a coordinated effort to manipulate the system. Identifying such patterns enables organizations 

to confine the impact of the attack at the system-level as opposed to identifying and responding to each individual 

agent separately (Mirsky et al., 2018). 

Simulation-based adversarial testing provides another means to evaluate the effectiveness of resilient systems 

and to simulate an adversary adapting their tactics based on the system's responses to prior attempts to manipulate 

the system. Through simulation-based testing, organizations can identify vulnerabilities in the systems utilized 

to validate signals, coordinate activity among agents, and establish thresholds for governance and compliance. 

Simulation-based testing offers organizations the opportunity to proactively make informed decisions regarding 

defensive design options that may be challenging to identify utilizing benign testing methods alone (Carlini & 

Wagner, 2017). 

In the context of resiliency in adversarial conditions, the capability to rapidly contain and recover from 

disruptions is also involved. Although robust detection mechanisms can detect the majority of disruptions caused 

by an adversary, there will be instances where the system cannot entirely prevent an adversary from causing 

damage. Rapidly containing the scope of decision-making for agents impacted by an adversary, and rapidly 

restoring normal operation to the system, is vital for reducing the total amount of damage caused by an adversary. 

Organizations must pre-define and audit their recovery processes to ensure that the actions taken during the 

recovery process are compliant with organizational policies and regulatory requirements (Kshetri, 2018). 

Finally, from a regulatory and societal perspective, the development of mechanisms for resiliency in the context 

of adversarial conditions supports the objective of protecting critical infrastructure. Critical infrastructure 

includes a broad array of essential services including food production and distribution, healthcare delivery, and 

energy production and delivery. Regulators are now requiring organizations to demonstrate their ability to resist 

disruption through the utilization of autonomous systems, in addition to demonstrating compliance with 

regulatory requirements. Demonstrating an organization's ability to resist disruption through the utilization of 

autonomous systems can positively impact the regulator's assessment of the organization's suitability to operate 

in a domain in which autonomous systems are employed, and may also positively influence public trust in the 

organization (Goodfellow et al., 2015). 

Data sovereignty and decentralized architectures can also provide benefits to organizations attempting to build 

resiliency into their systems. Decentralizing decision-making authority and limiting coordination across 

geographic areas can limit the extent to which an adversary's manipulation of input signals in one region of the 

system can affect decision-making globally. Limiting coordination while preserving regional autonomy can 

reduce the systemic risk associated with the employment of autonomous systems. Thus, the establishment of 

resiliency in systems through the use of decentralized architectures aligns with the objectives of data sovereignty 

(Tao et al., 2019). 

Ultimately, the development and implementation of the mechanisms required to ensure that agentic supply 

chains continue to operate in an environment that is antagonistic to their interests is critical to achieving the 

objective of retaining the trust and reliance of stakeholders on the systems developed. By including mechanisms 

for resiliency in systems through detection, conservative decision-making, containment, and recovery, 

organizations can develop autonomous systems that degrade gradually in the case of an attack, rather than failing 

catastrophically (Madry et al., 2018). 
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Figure 9: Resilience Under Adversarial Conditions 

 

Human Oversight and Organizational Integration 

Human oversight is a necessary component to support both the legitimacy and sustainability of autonomous 

agent-based supply chains. With agent-based systems taking over operational control for tasks including 

purchasing, logistics, inventory planning and fulfillment; human roles transition from being directly involved in 

the decision-making process to serving as supervisors in a governance position. While human oversight 

continues to be an essential part of the decision-making process in an agent-based supply chain environment; 

the type of oversight needed changes dramatically. Instead of being transaction-oriented, oversight needs to be 

interpretive-strategic-corrective oriented. As a result, the success of agent-based supply chains will depend upon 

the technical architecture of the agents as well as how the human oversight is institutionalized within an 

organization's structure and processes. 

There exists a significant difference in the way oversight is implemented within agent-based supply chains 

depending on whether it is based on either a human-in-the-loop or a human-on-the-loop model. A human-in-the-

loop model is based upon the need for direct human approval or intervention before the autonomous decision is 

made by the agent. This model offers a high degree of control but introduces latency and severely limits 

scalability. As a result, this model is not suitable for high-frequency supply chain decision making. A human-

on-the-loop model allows for humans to serve as supervisors who monitor agent behavior; can choose to 

intervene selectively and/or modify governance parameters as opposed to approving each and every action made 

by the agent. Given the need to achieve scalable supply chain operations while still maintaining accountability; 

the human-on-the-loop model is essential in the context of agent-based supply chains. The choice between these 

two models is primarily dependent on an organization's risk tolerance; regulatory requirements and level of 

operational criticality. 

Effective implementation of human-on-the-loop oversight relies heavily on the availability of sophisticated 

monitoring and interpretive interfaces that allow for supervisors to comprehend autonomous agent behavior 

without the need for micro-management (Kaber, 2018). Managers responsible for supply chain activities must 

be capable of observing patterns, trends and anomalies that exist across multiple decision streams versus viewing 
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each action in isolation. To accomplish this objective, supply chain managers require access to dashboards and 

analytical tools that surface governance relevant signals including; drift indicators, compliance stress levels, 

escalation frequencies, etc. If such visibility is not available; then human oversight becomes symbolic as opposed 

to providing substantive oversight capabilities. Therefore, effective oversight is contingent upon having 

technological systems that provide supervisors with actionable managerial insight regarding autonomous agent 

behavior. 

Accountability, as it relates to decision making, remains paramount even though decision making responsibilities 

have been delegated to autonomous agents. Organizations cannot assign failures to algorithms without 

destroying governance credibility (Norman, 1990). Accountability must be redefined so that managers are held 

accountable for the design and configuration of autonomous systems and their overall governance as opposed to 

holding individuals accountable for specific decisions. Such a redefinition of accountability is consistent with 

current principles of corporate governance where executives are accountable for systems of control as opposed 

to all operational acts. For example, in supply chain operations; accountability rests with those responsible for 

defining policy constraints and escalation rules and ensuring the overall effectiveness of oversight.  

The redistribution of accountability has significant legal and regulatory implications. Courts and regulators 

continue to seek identifiable human accountability even when decisions are being made using algorithms 

(Shneiderman, 2020). The ability to clearly define managerial accountability for autonomous systems provides 

this identifiable anchor. Therefore, organizations must formally define roles such as autonomous system owner, 

governance steward and escalation authority. These defined roles assist in ensuring that responsibility for 

autonomous agent behavior is explicit and not diffuse. Clarity is essential for obtaining regulatory acceptance 

and internal governance discipline. 

Another key aspect of integrating humans into agent-based supply chain operations is establishing trust 

calibration. Excessive trust in autonomous systems may lead to complacency and delayed intervention, whereas 

insufficient trust may result in excessive override of autonomous decisions thereby negating the benefits of 

autonomy (Hoff & Bashir, 2015). Trust calibration refers to developing human confidence in actual system 

capability and reliability. In supply chain operations, trust calibration is developed through transparency, 

explainability, and consistent system performance. When autonomous agents perform in a predictable manner 

and provide logical explanations for their decisions, managers develop calibrated trust that supports effective 

oversight. 

Like many aspects of integrating humans into agent-based supply chain operations, trust calibration is dynamic 

rather than static. As autonomous agents learn and adapt to changing environments, human trust must be 

continually recalibrated (Dzindolet et al., 2003). Even if an autonomous agent behaves in a manner that is 

technically correct, unexplained unexpected behavior may cause human trust to deteriorate. On the other hand, 

continued reliable performance during times of stress increases human confidence. Therefore, organizations 

must invest in communication methods that inform human supervisors about system learning and adaptation, 

system limitations, and potential risks. An ongoing dialogue between humans and machines is essential for 

successful, stable integration. 

Finally, successful embedding of agent-based supply chains is significantly dependent on the ability of an 

organization to effectively manage the necessary changes to job roles, decision authority, and performance 

metrics. Without intentional organizational change management, autonomous agents may create resistance, 

anxiety, and/or role confusion among supply chain personnel (Merritt et al., 2013). Successful change 

management redefines autonomy as an enhancement to human expertise in oversight and governance. Training 

programs must provide managers with the skills required to oversee autonomous agents instead of executing 

routine decisions. 

In addition to providing training, change management must also involve aligning incentives and performance 

metrics with the new roles created in agent-based supply chain environments. Traditional performance metrics 

used to measure the efficiency of transactions may no longer accurately measure the contribution of managers 

in agent-based environments (Madhavan & Wiegmann, 2007). Organizations must revise their evaluation 
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frameworks to include performance metrics that recognize effective oversight, risk management, and governance 

quality. Aligning manager incentives and performance metrics ensures that managers are encouraged to interact 

positively with autonomous agents rather than resisting them. In supply chain environments where autonomous 

agents reshape workflows, aligning performance metrics and incentives is critical to creating an organizational 

culture that accepts and supports autonomy. 

In addition to supporting organizational change and performance improvement, human oversight is also 

necessary to support the ethical and societal obligations inherent in agent-based supply chains. Decisions related 

to supplier selection, labor practices, environmental issues, and service priorities carry normative implications 

that cannot be completely delegated to algorithms (Hancock et al., 2011). Governance bodies comprised of 

humans must establish ethical guidelines and ensure that autonomous agent behavior is aligned with 

organizational values and societal expectations. Therefore, oversight extends beyond the management of 

operational risks to include reputational and ethical considerations that impact the long-term viability of 

businesses. 

Ultimately, the integration of human oversight will determine whether agent-based supply chains are viewed as 

trustworthy organizational systems or isolated technical artifacts (Shneiderman, 2020). Autonomous agents 

without oversight may become opaque and lose credibility, while oversight without autonomy reduces scalability 

and response time. Through the use of human-on-the-loop supervision, clear definitions of managerial 

accountability, calibrated trust, and structured change management, organizations can reconcile human judgment 

with machine execution. Ultimately, this reconciliation will enable agent-based supply chains to realize 

performance improvements while maintaining the attributes of governance, accountability, and social 

acceptability. 

Enterprise Integration and Deployment Considerations 

The degree to which enterprise integration and deployment issues impact whether agentic supply chain 

architectures can evolve into operational systems embedded in organizations (Xu et al., 2018) will depend upon 

how well the enterprise integration platform can adapt to the evolving needs of the organization. While agentic 

intelligence has the promise to produce adaptive decision-making and autonomous actions, the practical utility 

of this intelligence is dependent upon seamless integration with the existing enterprise integration platform, 

including all transaction, inventory flow, and operational control elements. Most organizations have developed 

and are using complex systems composed of Enterprise Resource Planning (ERP), Supply Chain Management 

(SCM) and Warehouse Management Systems (WMS) software, which contain the years of process logic, 

compliance rules, and financial controls. Therefore, the agentic systems must seamlessly integrate with these 

systems, without disrupting core operations or violating established governance structures. 

The most significant integration requirement is integration with ERP systems because ERP systems serve as the 

authoritative system of record for financial transactions, procurement contracts, and master data (Benlian et al., 

2009). The agentic supply chain must be able to interact with the ERP systems to perform purchasing decisions, 

manage supplier relationships, and capture the accurate costs associated with those decisions. This integration 

cannot be superficially done; autonomous decisions made without going through financial controls will 

undermine auditability and fiscal accountability. Therefore, agentic execution must be mediated by ERP 

interfaces, which enforce posting rules, approval hierarchies, and reconciliation logic. This will ensure that 

autonomy will always operate within the financial governance structure of the organization. 

Supply Chain Management (SCM) platforms are another key layer of integration required because SCM 

platforms manage and coordinate planning, forecasting and execution activities across procurement, production, 

and distribution (Wamba et al., 2015). The agentic systems typically augment or replace traditional planning 

logic within these platforms by adding adaptive policies that react to real-time events. Therefore, the integration 

must support bi-directional interaction between the agentic system and SCM platforms, so that agentic system 

decisions update plans and execution status while receive constraints, forecasts and performance feedback. If 

this bi-directional interaction does not occur, then there will be discontinuity between strategic planning and 

autonomous execution instead of having parallel control structures that compete for authority. 
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There are unique integration requirements for Warehouse Management Systems (WMS) because WMS systems 

operate at a high-frequency, low-latency within physical environments (Lee & Lee, 2015). Autonomous 

decisions regarding picking, allocation, slotting, and replenishment must be synchronized with warehouse 

execution logic to prevent operational conflicts. Additionally, agentic systems must respect deterministic 

constraints of warehouse operations such as equipment availability, labor scheduling, and safety rules. Thus, the 

integration of agentic systems with WMS systems must be carefully orchestrated to ensure that autonomous 

decisions are translated into executable tasks that align with physical workflows. 

Application Programming Interfaces (API)-mediated orchestration represents the predominant mechanism for 

integrating agentic systems with enterprise platforms (Jamshidi et al., 2018). Rather than relying on direct 

database access or hard-coded logic, agentic execution should utilize standardized APIs to encapsulate business 

rules and validation logic. Utilizing API-mediated orchestration preserves system integrity and enables 

incremental deployment without extensive re-engineering. Furthermore, API-mediated orchestration facilitates 

modularity, allowing organizations to introduce agentic capabilities in a gradual manner across different supply 

chain functions. 

From a governance standpoint, utilizing interface-based integration increases auditability and control (Panetto 

et al., 2019). Every autonomous action taken by an agentic system passes through enterprise interfaces, which 

can log, validate and constrain the action according to policy. As such, the mediation of agentic execution via 

enterprise interfaces ensures that agentic execution remains observable and compliant even as decision logic 

evolves. Additionally, utilizing interface-based integration enables organizations to selectively throttle or 

suspend autonomy by controlling interface permissions rather than changing the core algorithms used in decision 

logic. Throttling or suspending autonomy through interface permissions is necessary to control risk when 

deploying agentic systems early in their lifecycle. 

Hybrid cloud and edge execution architectures play a crucial role in achieving a balance between scalability, 

responsiveness and compliance in agentic supply chains (Tao et al., 2019). Cloud environments provide elastic 

computing resources for policy learning, simulation and global coordination. Edge environments located near 

operational assets provide low-latency decision-execution, where timeliness is critical, such as warehouse 

control or transportation routing. Hybrid architectures allow agentic systems to distribute intelligence across 

layers while adhering to data locality and latency constraints. Distribution of intelligence across layers is 

necessary to achieve real-time supply chain responsiveness. 

Latency is an especially significant consideration for agentic execution since latencies between decision-

generation and decision-execution can degrade performance or cause instability. In cases where timeliness is 

critical, such as transportation routing or warehouse control, decisions must be executed within strict temporal 

bounds (Ghofrani et al., 2018). Hybrid execution architectures reduce latency by placing decision-logic close to 

the point-of-action while maintaining coordination with higher-level intelligence. However, achieving this 

balance requires careful design of the overall system architecture, rather than simply deploying the architecture. 

Another deployment challenge for agentic supply chains is scalability since agentic supply chains must operate 

across large networks with potentially thousands of decision-points (Panetto et al., 2019). Integration 

architectures must support horizontal scalability without creating bottlenecks at the enterprise interfaces. To 

accomplish this, integration architectures must employ asynchronous communication patterns, event-driven 

processing, and robust interface designs. Achieving scalability is a performance concern, but it is also a 

governance concern, since overloaded systems may bypass controls or compromise auditability under load.  

A simple expression for the latency-constrained execution problem can be represented as follows: 

𝑡𝑐 + 𝑡𝑖 ≤ 𝑇 
where T is the maximum allowable latency, t_c is the time to generate the decision, and t_i is the time to execute 

the decision. 

This formulation illustrates that the integration architecture must take into account both the time to compute the 

decision (intelligence) and the time to mediate the decision through the enterprise systems (execution) to meet 
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the operational deadlines. In many supply chain operations, failing to meet the constraint illustrated above may 

result in obsolete or disruptive decisions (Ivanov & Dolgui, 2020). 

In addition to affecting the latency of the decision execution, enterprise integration affects an organization's 

preparedness to deploy agentic supply chain capabilities. An organization should introduce agentic capabilities 

incrementally, starting with low-risk decision-domains and increasing over time as confidence grows (Hosseini 

et al., 2019). The integration architectures that facilitate modular deployment enable this incremental 

introduction of agentic capabilities without causing instability in the core systems. This incremental introduction 

of agentic capabilities is consistent with introducing agentic capabilities in conjunction with organizational 

change management and risk tolerance. 

Ultimately, the deployment of agentic supply chains will determine whether agentic supply chains produce long-

term benefits or remain isolated demonstrations. Successful deployment of agentic supply chains is contingent 

upon integrating the agentic capability with the existing enterprise platforms, thereby embedding the autonomy 

in the existing control structures rather than in separate, parallel control structures. Organizations that 

successfully design robust interfaces, hybrid execution architectures, and scalable integration architectures will 

be able to bridge the conceptual agentic architectures with the realities of operational environments and realize 

the potential of agentic supply chains (Ivanov & Dolgui, 2020). 

Figure 10: Enterprise integration considerations  

 

Evaluation Metrics and Benchmarking Frameworks 

Metrics for evaluating the performance of an autonomous supply chain should be viewed as tools of governance, 

and therefore, not simply as performance evaluation scorecards (Lipton, 2018) since traditional supply chain 

metrics are primarily focused on accuracy, cost, and service levels. For example, metrics for an autonomous 

supply chain would need to evaluate whether the decision authority that has been delegated to an agent is being 

used reliably, transparently, compliantly and resiliently over time. Since autonomous supply chains will continue 

to adapt continuously at scale, metrics for evaluating their performance will need to measure both behavioral 

stability and structural risk accumulation over time, as well as the level of institutional trustworthiness. 

Therefore, metrics for evaluating autonomous supply chains do not just determine how the system is evaluated, 



INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue I, January 2026 

www.ijltemas.in                                                                                                                                                     Page  299 

but also how the system evolves, as the learning dynamics of the system respond to what is measured and 

rewarded. 

Decision Consistency Index: The decision consistency index measures the degree to which an agent produces 

similar actions when provided with substantially similar supply chain states, taking into account factors such as 

demand patterns, capacity constraints, regulatory context and contractual obligations (Busoniu et al., 2008). For 

example, in a supply chain setting, this metric would assess whether procurement, sourcing, allocation, routing, 

or inventory position decisions remain consistent when the underlying conditions are essentially the same. If 

there is excessive variability in the decisions produced when compared to the number of materially equivalent 

states, it could suggest that the decision-making policies are brittle or overly reactive and potentially exacerbate 

operational noise into systemic volatility. Consistent decision-making does not equate to rigid repetition; rather, 

it means that agents produce decisions that vary only when material differences in states have occurred. By 

tracking the consistency of decision-making over time, organizations can evaluate whether the autonomous 

decision-making process is reliable and trustworthy enough to facilitate trust and coordination across connected 

supply chain functions. 

Policy Entropy Level: The Policy Entropy Level measures the variance in the action choice set that an agent 

considers or chooses under a given supply chain state. In operational terms, this metric reflects whether an agent 

oscillates excessively between alternatives, or whether an agent converges too quickly on limited decision 

patterns (Busoniu et al., 2008). Excessive entropy in supply chain decision-making processes can lead to 

indecision, increased frequency of changing suppliers, unstable routing selections, and inconsistencies in 

allocating inventory. All of these scenarios create additional friction and coordination costs in executing supply 

chain activities. On the other hand, extreme low entropy can indicate that an agent has lost its ability to adapt to 

regime shifts and unforeseen disruptions due to excessive confidence in its current decision-making processes. 

The longitudinal tracking of entropy can allow organizations to monitor whether the learning dynamics in the 

autonomous decision-making process are becoming stabilized properly, or whether they are trending towards 

pathological extremes. 

Behavioral Drift Magnitude: Behavioral Drift Magnitude represents the total deviation of an agent's decisions 

from the baseline definitions established by governance over time (Zhou & Li, 2020). In the context of supply 

chains, Behavioral Drift Magnitude can detect slow-moving changes such as an increasing willingness to accept 

concentrated risk by suppliers, gradual erosion of compliance margins, and systematic biases in favor of cost 

minimization at the expense of service reliability. Drifts are particularly damaging because they frequently go 

unnoticed in short-term performance metrics, yet accumulate structural risks over time. By quantifying the 

magnitude of drift, organizations can identify potential issues and implement corrective actions before they 

become operationally apparent and compromise the performance and governance of adaptive autonomous 

systems. 

Coordination Stability Score: The Coordination Stability Score assesses whether a group of agents maintains 

coordinated, non-oscillatory coordination of shared supply chain resources, such as inventory pools, 

transportation lanes, production capacity, and supplier commitments. In practice, poor coordination stability 

results in repetitive inventory shuttle movements, congestion cascades, or simultaneous switches in suppliers, 

which negatively impact global performance. This metric assesses whether individual, local autonomy 

contributes to system-wide coherence or to emergent instability. High coordination stability implies that 

decentralized decision-making respects common constraints and produces predictable collective behavior 

necessary for the scaling of agentic supply chains. 

Unexpected Override Frequency: Unexpected Override Frequency assesses how often human supervisors 

intervene outside of predefined escalation pathways to either correct or stop autonomous decision-making. In 

supply chain operations, high frequencies of unexpected overrides typically signify either that the autonomous 

agent(s) are producing unreliable decisions, or that the governance constraints on the agent(s) are poorly 

calibrated. This metric is a proxy for trust erosion, as operators tend to intervene when autonomy is unpredictable 

or opaque. A sustained low override frequency indicates that autonomous agents are behaving predictably within 
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expected bounds, and that the governance design successfully anticipates edge cases and enables humans to 

remain in a supervisory role versus a reactive role. 

Decision Provenance Coverage Rate: Decision Provenance Coverage Rate represents the percentage of 

autonomous supply chain decisions for which complete provenance records exist, including the source data 

inputs, evaluated constraints, alternative actions considered, and the actual execution outcomes (Ribeiro et al., 

2016). In regulated supply chains, any gaps in provenance undermine audit-defensibility, regardless of the 

quality of the outcomes. High provenance coverage ensures that decisions remain reconstructible and 

institutionally accountable, facilitating regulatory reviews, contractual disputes, and internal governance 

oversight. As such, this metric is fundamental to treating autonomy as an auditable organizational process rather 

than as an opaque algorithmic activity. 

Context Fidelity Score: Context Fidelity Score assesses whether the transient operational conditions (such as 

supplier availability, transportation capacity, regulatory status, and demand volatility) are accurately captured at 

the time of the decision. Supply chain decisions are heavily context-dependent, and inaccurate or incomplete 

context renders audit records misleading. High fidelity ensures that post-hoc analysis accurately reflects the 

operational conditions under which decisions were made, rather than being based on assumed conditions. This 

metric is crucial for establishing meaningful accountability and learning in agentic environments.  

Governance Constraint Logging Completeness: Governance Constraint Logging Completeness assesses whether 

all applicable governance rules were evaluated and logged for every autonomous decision. In supply chains, this 

includes trade compliance checks, contractual service commitments, emissions thresholds, risk limits, and data 

sovereignty rules. Completeness signifies that governance was enforced systematically, and not implicitly or 

selectively. This metric provides evidence that the autonomy mechanism internalizes governance logic, and is 

not reliant on external enforcement mechanisms. 

Temporal Dependency Preservation Index: Temporal Dependency Preservation Index measures whether audit 

logs preserve the correct order and causality among sequences of decisions. In many supply chains, outcomes 

arise from interacting decisions over time, rather than discrete actions. The preservation of temporal 

dependencies enables root-cause analysis and defensible causal attribution. Without this metric, audit trails 

devolve into disconnected events unable to explain the systemic behavior of the supply chain.  

Replayability Availability Ratio: Replayability Availability Ratio measures the proportion of decisions that can 

be recreated and replayed within a digital twin environment. Replayability enables experiential audit validation 

through enabling reviewers to view decision behavior dynamically. A high replayability availability ratio enables 

deeper learning governance refinements and enhanced regulatory confidence, converting audits from static 

inspections into behavioral verifications. 

Violation Rate per Decision Class: Violation Rate per Decision Class measures the frequency of regulatory or 

contractual violations per decision type (e.g., sourcing, routing, allocation). Segmentation is necessary, as 

aggregate compliance rates can mask localized risk. This metric enables targeted governance intervention and 

highlights which decision classes are most in need of tighter constraints, or better escalation logic.  

Near Miss Frequency: Near Miss Frequency captures how often autonomous decisions approach compliance 

boundaries without crossing them. In supply chains, frequent near-misses indicate that governance is stressed, 

and that the organization is increasingly exposed to risk, even when no formal violations have occurred. 

Monitoring this metric enables proactive policy tightening prior to failures occurring, thus maintaining 

compliance margins in dynamic environments. 

Escalation Appropriateness Ratio: Escalation Appropriateness Ratio assesses whether decisions are escalated 

when appropriate and not escalated inappropriately. In supply chains, inappropriate escalation can either delay 

execution, or expose the organization to risk. This metric assesses the quality of calibration of governance 

thresholds and determines whether human oversight enhances autonomy. 
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Jurisdictional Compliance Stability: Jurisdictional Compliance Stability measures the consistency of compliance 

performance across regions with varying regulatory regimes. Global supply chains must avoid uneven risk 

distribution, where certain jurisdictions incur disproportionately higher violation rates. Stability indicates that 

sovereign-aware governance has been embedded within the agentic decision-making process. 

Override Justification Completeness: Override Justification Completeness assesses whether human overrides of 

autonomous decisions are accompanied by rationales that align with governance rules. This metric ensures that 

human interventions remain auditable, and not arbitrary, thereby ensuring institutional accountability, even when 

autonomy is curtailed. 

Cost Volatility Reduction Index: Cost Volatility Reduction Index measures the decrease in cost variability, rather 

than simply the mean cost. In supply chains, volatility drives risk, operational stress, and managerially imposed 

burdens. Autonomous systems that reduce cost profile volatility provide superior business value by improving 

predictability and enhancing financial planning capabilities, even if the mean costs remain unchanged.  

Service Level Stability Metric: Service Level Stability Metric assesses the consistency of service performance 

over time, rather than solely focusing on peak performance achievement. Stable service builds customer trust 

and reduces firefighting costs. Agentic systems must demonstrate resilience across cycles to justify autonomy.  

Inventory Turnover Efficiency: Inventory Turnover Efficiency measures how effectively agents balance product 

availability with working capital utilization. Excessive turnover increases disruption risk, while inadequate 

turnover results in tying up working capital. This metric reflects disciplined operational control, rather than 

aggressive optimization. 

Decision Cycle Time Compression: Decision Cycle Time Compression measures the decrease in time between 

signal detection and execution. In supply chains, faster cycles enhance responsiveness; however, compression 

must not negatively affect governance quality. This metric is meaningful only when evaluated together with 

compliance and audit metrics. 

Managerial Load Reduction Index: Managerial Load Reduction Index measures the reduction in manual decision 

workload. Effective autonomy shifts human effort from execution to oversight, enabling strategic focus and 

organizational scalability. 

Time to Anomaly Detection: Time to Anomaly Detection measures how rapidly deviations from expected 

patterns are detected. Rapid detection of anomalies prevents cascading disruptions, and reflects an effective 

monitoring infrastructure. 

Time to Containment: Time to Containment measures how quickly autonomous behavior is contained after risk 

detection. Faster containment limits the blast radius and maintains operational continuity. 

Recovery Duration: Recovery Duration measures the time required to restore stable operations after a disruption. 

A shorter recovery duration indicates effective rollback and recovery integration. 

Performance Degradation Under Stress: Performance Degradation Under Stress measures how significantly the 

cost, service, or compliance deteriorate when subjected to adverse operating conditions. Resilience in 

autonomous decision-making processes is reflected in graceful degradation. 

Structural Dependency Concentration: Structural Dependency Concentration assesses reliance concentrations of 

suppliers, routes, or regions created by agent decisions. High concentrations create hidden fragilities, even when 

performance appears optimal. Monitoring this metric prevents brittle optimization and ensures long-term 

resilience. 

Frameworks for Benchmarking: Benchmarking frameworks integrate these metrics across time, configuration, 

and organizational unit boundaries (Ribeiro et al., 2016). Baseline benchmarking compares agentic systems to 

historical rule-based approaches. Configuration benchmarking assesses the comparative effectiveness of 
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different governance designs. Cross-regional benchmarking identifies disparate risk exposures (Zhou & Li, 

2020). Composite trust benchmarking assesses balanced performance across all of the metric families.  

𝑇 = 𝑤𝑟𝑅 + 𝑤𝑎𝐴 + 𝑤𝑐𝐶 + 𝑤𝑏𝐵 + 𝑤𝑠𝑆 
where trust emerges from balanced governance rather than isolated efficiency. 

Strategic and Business Implications 

Implications of agentic supply chains arise from the shift from episodic planning and human-mediated 

coordination to continuous governance of autonomous operations at machine speed (Waller & Fawcett, 2013). 

When autonomous decision-making is designed with governance mechanisms that include explicit constraint of 

decision-making; auditability; compliance; alignment with regulations; and resilience safeguarding; the supply 

chain becomes more than an operational cost center and develops into a strategic capability that defines market 

responsiveness, customer experience and risk posture. The reframed positioning of agentic supply chains as a 

durable source of competitive value stems from changing how organizations perceive their environment, identify 

and execute against threats, disruptions, and opportunities (Teece, 2007). Competitive advantage does not come 

from autonomy but from autonomous decision-making that is governable and trustworthy among all stakeholders 

including internal stakeholders; external partners; and regulators. 

Governing autonomy provides a competitive advantage through compressed decision cycles while maintaining 

control of operations; thereby providing organizations with the capability to respond to changes in demand; 

disruptions; and market opportunities before competitors using manual decision loops (Kache & Seuring, 2017). 

Competitive differentiation in some markets is measured by the ability to provide reliable service in times of 

volatility rather than optimized costs in times of stability. Agentic supply chains enable continuous rebalancing 

of inventory; adjustments to routing; and renegotiation of sourcing agreements within predetermined policy 

boundaries; thereby providing companies with the opportunity to provide superior service fulfillment in 

comparison to competitors who experience stockouts; delays; or compliance bottlenecks (Christopher & Peck, 

2004). Superior service fulfillment translates into customer loyalty; higher retention rates; and stronger brand 

preferences; which become strategically valuable assets beyond the traditional operational metrics.  

The strategic value of governing autonomy is also reflected in how organizations allocate human managerial 

attention. Human managers have historically been required to focus on operational issues in order to ensure 

successful execution of day-to-day operations. However, with agentic systems managing routine decision-

execution within predetermined governance constraints; human managers can refocus their attention on strategic 

design of supply networks; strategic design of supplier portfolios; and strategic design of risk policies (Ketchen 

& Hult, 2007). Redirection of managerial attention is economically significant due to the scarcity of managerial 

attention and its propensity to be wasted on variability in execution. Governance of autonomy provides 

organizations with the opportunity to reduce variability in decision making and decrease the amount of 

exceptions that require managerial intervention; thereby increasing an organization's bandwidth for innovation; 

development of suppliers; and partnership development. The supply chain can then serve as a strategic 

experimentation platform rather than simply a reactive function. 

Competitive advantage through governing autonomy is dependent upon the credibility of governance 

mechanisms that allow stakeholders to have faith in the decisions being made. In regulated industries and global 

trade networks; stakeholders (e.g., partners; government agencies) evaluate how decisions are made and if 

compliance is integrated systematically. Companies that demonstrate audit-readiness; decision-traceability; and 

continuous compliance-monitoring; are able to receive faster approval; less friction; and greater confidence from 

partners (Kache & Seuring, 2017). Credibility of governance mechanisms can compound benefits over time 

since trusted autonomy enables greater integration with partners and automation of cross-enterprise 

coordination; thereby creating network effects that competitors may find difficult to replicate. 

Another area of strategic implication for agentic supply chains relates to resilience and adaptability, where 

agentic supply chains transition resilience from manual contingency planning to continuous adaptive control 

(Tang, 2006). Traditional resilience strategies rely on redundancy buffers and human-led response teams. 

However, agentic systems provide a new level of resilience by developing the capability to anticipate disruptions 



INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue I, January 2026 

www.ijltemas.in                                                                                                                                                     Page  303 

and dynamically reconfigure flows based on real-time signals. Strategic value arises from minimizing the time 

between a disruption emerges and the organization responds to the disruption; thereby preventing cascading 

failures that would otherwise negatively affect an organization's revenue and customer trust (Christopher & Peck, 

2004). Therefore, resilience becomes an operational capability that directly impacts an organization's 

competitiveness. 

In addition to the strategic value of adaptive resilience, adaptive resilience also provides an additional strategic 

benefit by allowing organizations to optimize efficiency while simultaneously optimizing robustness. Most 

conventional resilience strategies result in increased cost through inventory buffers or redundant capacity. 

Agentic systems can achieve similar levels of resilience through intelligent reallocation and targeted redundancy 

activation; thereby decreasing the need for blanket buffering. This capability improves an organization's capital 

efficiency and working capital management; thereby enabling an organization to sustain competitive pricing and 

profitability in volatile environments. 

Finally, there are several implications for strategic risk governance and enterprise valuation. Investors and boards 

of directors increasingly evaluate an organization's operational resilience as an indicator of an organization's 

overall financial stability. Companies that demonstrate lower disruption-impact and faster recovery may receive 

lower-risk premiums and/or premium valuations (Teece, 2007). Agentic supply chains that measure and report 

resilience metrics; recovery performance; and governance-based evidence provide credible narratives that 

support such claims. Therefore, resilience is not only an operational concept, but also a financial and strategic 

concept that influences investors' perceptions of an organization's long-term viability. 

Strategic flexibility under uncertainty is another strategic implication of agentic supply chains that reflects an 

organization's ability to adapt their supply chain configurations and operating policies as market conditions and 

regulatory requirements evolve. Sources of uncertainty in global supply chains include demand volatility; 

geopolitical shifts; trade restrictions; and data sovereignty constraints. Agentic systems provide strategic 

flexibility by enabling rapid policy updates; scenario evaluations; and controlled deployments of new decision-

rules via governance-constrained mechanisms (Kache & Seuring, 2017). Strategic flexibility transitions from 

slow redesign cycles to continuous adaptation without sacrificing compliance or control. 

Strategic flexibility also enables organizations to pursue new market opportunities with lower operational risk. 

Entry into new geographic markets often requires rapid adjustments to sourcing; logistics; and compliance 

practices. Agentic supply chains with governance-by-design can encode regional constraints; and learn local 

patterns rapidly while maintaining global oversight (Ketchen & Hult, 2007). Rapid market entry; and reduced 

ramp-up time; thereby enable organizations to pursue new market opportunities with greater strategic flexibility.  

A conceptual model for describing flexibility can be represented through an options-value framework that 

describes the value derived from maintaining multiple feasible supply chain configurations that can be activated 

under different states of the world (Teece, 2007). If V represents expected value; and the action corresponds to 

configuration choices conditioned on states s, flexibility provides an organization with the opportunity to 

maximize value by aligning configuration with realized conditions. The strategic option logic that underlies the 

options-value framework helps explain why governing autonomy can increase long-term performance even 

though the short-term efficiencies provided by governing autonomy may be modest. 

Competitive advantage, resilience, and flexibility are mutually reinforcing when autonomy is governed. 

Governing autonomy enables organizations to accelerate execution; reduce disruption-impacts; and provide 

strategic flexibility to reconfigure supply chain configurations under uncertainty. Collectively, these capabilities 

transform the supply chain from a tactical cost center into a strategic asset that influences customer experience; 

cost stability; compliance posture; and growth capacity (Tang, 2006). Therefore, firms that view agentic supply 

chains as governance-first systems, rather than solely as optimization engines, will develop more sustainable 

advantages. 

Therefore, strategic and business implications of agentic supply chains exist beyond the realm of operational 

improvements into organizational transformations. Agentic supply chains influence decision authority; 

managerial roles; partner integration; and risk governance. Firms that invest in designing and implementing 
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governance architectures that incorporate mechanisms for auditability; resilience; and compliance-position 

themselves to compete in a future marked by disputed data environments; fragmented regulatory requirements; 

and increasing volatility (Waller & Fawcett, 2013). In this future; agentic supply chains can serve as a strategic 

differentiator-not because of the degree to which they automate tasks-but because of the degree to which they 

develop a governable; adaptive; and trustworthy decision infrastructure. 

Ethical Implications of Delegated Decision Authority 

Ethics of delegating decision-making authority to artificial agents (i.e., autonomous systems) is very important 

when supply chain control transitions from human-centered to autonomous agent-based systems (Floridi et al., 

2018). Artificial agents that are capable of autonomous decision making change how moral responsibility, 

accountability, and social impacts are dispersed within organizations and society. Artificial agents will 

autonomously take action on the world by allocating resources, choosing suppliers, prioritizing customers, and 

determining what type of labor force is needed; these actions are ethically accountable and should not be treated 

as secondary concerns. Therefore, ethical legitimacy becomes a necessary condition for the long-term 

sustainability of autonomous supply chains. 

A key challenge of designing autonomous supply chains is the need to redefine what constitutes "moral 

responsibility." As autonomous systems make decisions without a singular human actor, the decisions made by 

autonomous systems generate real-world consequences (Mittelstadt et al., 2016). For example, if an autonomous 

agent allocates its inventory to less vulnerable areas, delays a shipment of humanitarian aid, or chooses a supplier 

that has a questionable labor practice, the autonomous agent may cause some form of harm. However, it is 

impossible to assign moral responsibility to the artificial agent itself since moral agency is still a uniquely human 

construct. Instead, the organization that designed, configured, deployed and oversees the artificial agent is 

morally responsible for the autonomous agent's actions and behavior. Thus, ethical governance requires the 

explicit assignment of responsibility for the behavior of the autonomous system, as opposed to relying on a 

general sense of accountability. 

One of the most critical challenges associated with the diffusion of responsibility is the possibility of moral 

disengagement (Floridi et al., 2018). If the organization believes that the autonomous agent, rather than the 

organization itself, has decision authority, then the organization may disengage itself from any moral 

responsibility for the adverse consequences resulting from the autonomous agent's actions. In supply chains, the 

risk of moral disengagement is compounded because many decisions involve difficult trade-offs between factors 

such as cost, service accessibility, and labor conditions. Therefore, ethical frameworks must ensure that the 

delegation of decision authority to autonomous systems does not diminish the organization's moral 

accountability, but instead, provides a new foundation for accountability through the establishment of 

governance roles, escalation mechanisms, and oversight mandates. 

Another major ethical concern of autonomous supply chains is the potential for bias and unfairness. Autonomous 

decision systems are trained using data from history, which often reflect existing structural inequalities, regional 

disparities, and legacy relationships between suppliers and their customers (Jobin et al., 2019). If autonomous 

decision systems are allowed to operate unimpeded, they may exacerbate or continue to perpetuate these biases 

by consistently preferring specific suppliers, regions, or customer groups. The result could be the exclusion of 

small suppliers, marginalization of developing regions, or diminished service quality to lower margin customers. 

Thus, fairness cannot be assumed to emerge naturally from the optimization process, and fairness must be 

explicitly incorporated and monitored. 

In addition, fairness risks are of particular concern in global supply chains, where power disparities between 

different economies are significant (Greene et al., 2019). Autonomous sourcing decisions may favor large 

suppliers with greater data availability over smaller suppliers who lack digital infrastructure. Although this 

concentration may improve efficiency, it may also undermine the long-term viability of small and medium-sized 

enterprises (SMEs), as well as the economic development of developing countries. Ethical assessment of 

autonomous decision systems therefore cannot focus exclusively on aggregate efficiency, but must also include 

consideration of the distributional effects of autonomous decisions. 
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In addition, bias in autonomous decision systems may arise from surrogate measures that are included in data, 

such as geographic region, delivery reliability, or historical performance metrics, which may correlate with 

socioeconomic characteristics (Mittelstadt et al., 2016). Autonomous systems may unintentionally discriminate 

while appearing to be neutral. Therefore, ethical oversight of autonomous systems requires ongoing audits of 

decision-making patterns to identify disparate treatment across regions, types of suppliers, or segments of the 

workforce. Auditing goes beyond compliance and includes a normative evaluation of whether outcomes align 

with the values of the organization and societal expectations. 

Finally, workforce impacts are another ethical dimension of delegated decision authority. Autonomous supply 

chains modify job roles, decision authority, and required skills in logistics, procurement, and planning functions. 

Autonomous decision systems may eliminate certain jobs or downskill other jobs. However, ethical 

implementation of autonomous supply chains requires that organizations develop intentional work-force 

transition strategies, which prioritize reskilling, evolve job roles, and ensure meaningful human involvement in 

oversight and governance. Failure to address workforce impacts may lead to negative social reaction, loss of 

public trust, and reduced long-term stability for organizations. 

The ethical implications of delegated decision authority extend beyond the internal workforce effects to broader 

societal outcomes. Supply chains affect employment patterns, environmental impact, access to essential goods 

and services, and regional economic stability (Owen et al., 2012). Autonomous decision systems that optimize 

narrowly for cost and speed may inadvertently harm communities through environmental degradation, labor 

exploitation, or denial of services. Therefore, autonomous supply chains must internalize societal impact 

considerations through governance constraints, performance metrics, and escalation mechanisms. This enables 

autonomy to be aligned with corporate social responsibility, rather than merely viewing ethics as an additional 

layer of regulation. 

Responsible Innovation Principles Provide a Normative Framework for Designing Autonomous Supply Chains. 

Responsible innovation principles offer a normative framework for developing autonomous supply chains 

(Stilgoe et al., 2013). The principles emphasize anticipation, reflexivity, inclusion and responsiveness. 

Anticipation requires assessing potential ethical consequences of autonomy prior to deployment, including 

unforeseen second-order consequences. Reflexivity involves continuously assessing system behavior and ethical 

assumptions based on changing conditions. Inclusion requires collaboration with stakeholders who may be 

impacted by autonomous decision systems, including suppliers, workers, and communities. Responsiveness 

requires mechanisms to implement corrective actions when harm is identified. 

By embedding responsible innovation principles in autonomous supply chains, ethics is transformed from a post-

hoc review mechanism to a system-level design mechanism (Owen et al., 2012). Governance constraints, fairness 

objectives, workforce impacts, and societal risk thresholds become part of the decision logic, rather than simply 

being subject to external oversight. Integration of responsible innovation principles into autonomous supply 

chains reinforces ethical legitimacy, since the autonomous behavior is grounded in explicit moral commitments 

rather than implied technical priorities. Thus, ethical design is inherently connected to governance architecture.  

Additionally, the ability to establish ethical legitimacy of autonomous supply chains positively influences 

strategic outcomes and adoption. Organizations that demonstrate responsible development and deployment of 

autonomous supply chains will build trust with regulators, partners, employees, and customers (Jobin et al., 

2019). Trust leads to fewer obstacles to adoption, faster integration, and longer-term scalability. On the contrary, 

unethical behavior related to autonomous supply chains can create reputational damage, regulatory response, 

and social opposition, all of which can undermine technological advantages. Therefore, ethics has tangible 

strategic and economic consequences. 

The ethical analysis of delegated decision authority can be framed conceptually by examining the expected 

ethical impact of a decision as a function of the decision probability and harm magnitude (Wachter et al., 2017). 

Using E to represent expected ethical impact, H to represent harm severity, and P to represent decision 

probability, governance attempts to minimize the expected harm through constraints, oversight, and escalation. 
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The conceptual framework illustrates that ethics risk management parallels operational risk management, except 

that ethics addresses normative outcomes rather than strictly financial outcomes. 

Ultimately, the ethical implications of delegated decision authority will determine whether autonomous supply 

chains are socially acceptable and institutionally sustainable (Wachter et al., 2017). Therefore, organizations will 

ensure that autonomy contributes to the well-being of humans and society, rather than diminishing it. Ethical 

governance, therefore, is a prerequisite for the long-term trustworthiness, interdisciplinarity and socially 

responsible progress of autonomous supply chains. 

Comparative Analysis with Existing Supply Chain Intelligence Models 

A comparative analysis of agentic supply chains versus other supply chain intelligence models will help to clarify 

the degree to which agentic supply chains represent a conceptual novelty; the degree to which they offer an 

operational differentiation; and the degree to which they require changes in governance practices. Supply chain 

intelligence has developed progressively since the beginning of the 21st century via four successive paradigms: 

descriptive analytics, predictive forecasting, rule-based automation, and centralized visibility platforms (Waller 

& Fawcett, 2013). All of these paradigms have improved certain aspects of decision support. However, each 

paradigm retained a common structural assumption that humans remained the ultimate decision authority. In 

contrast, agentic supply chains depart from this assumption by providing autonomous decision-making capacity 

to act within delegated authority boundaries. This section will differentiate the proposed framework by 

describing how agentic decisioning fundamentally differs from predictive analytics and control tower 

architectures and rule-based systems regarding the extent of authority, flexibility, and governance (Choi et al., 

2018). Predictive Analytics Paradigm 

Predictive analytics is the predominant paradigm for intelligence in today’s supply chains. Predominant 

predictive models predict demand, lead time, disruption probability, or future cost based upon past data and 

statistical learning (Gunasekaran et al., 2017). These models provide improved foresight but exist as advisory 

tools only. Humans analyze predictions make decisions and bear responsibility for the consequences of those 

decisions. This separation of functions provides humans with control over the decision-making process but 

creates latency, cognitive overload, and inconsistency. Although predictive analytics provides improved 

information quality, it fails to solve the problems associated with the frequent bottleneck of execution found in 

complex, global supply chains operating at high frequencies. 

Agentic decision-making fundamentally differs from predictive analytics in its ability to close the gap between 

prediction and action. Learned policies within agentic systems select and execute actions such as redirecting 

inventory, re-routing shipments or negotiating sourcing agreements within predefined governance bounds. The 

key difference is not the improved predictive accuracy of agentic systems, but rather their ability to provide 

continuous, closed-loop control. Agentic systems respond to changing situations without waiting for humans to 

interpret the data. Therefore, predictive analytics transforms intelligence from foresight into behavior and from 

episodic human tasks into a system property. 

Governance Perspective: Predictive analytics places accountability for outcomes clearly on human decision-

makers, regardless of whether or not the outcome was influenced by the predictive analytics results. Conversely, 

agentic decision-making distributes accountability among system developers, governance stewards, and 

oversight structures. As a result, this redistribution requires the development of auditability, traceability, and 

constraint-based control mechanisms that are not required by predictive analytics models. The proposed 

framework addresses the identified gap by incorporating governance into the decision-making process at the 

time of decision-execution, rather than relying on post-hoc justification. This incorporation of governance 

represents a qualitative distinction from predictive analytics, rather than an incremental improvement. 

Control Towers Paradigm: Control towers are another widely adopted paradigm for supply chain intelligence. 

Control towers are centralized repositories of data collected from across the entire supply network that provide 

real-time visibility, alerts, and dashboards (Barreto et al., 2017). The primary purpose of control towers is 

situational awareness, rather than decision execution. Advanced control towers may provide recommendations 

to take specific actions; however, they generally depend upon human operators to approve and execute those 
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recommendations. Therefore, control towers enhance coordination and transparency but fail to eliminate the 

human-mediated bottleneck and lack consistency in response across decision domains. 

Digital Twin Orchestration – Beyond Visibility: Digital twin orchestration within agentic supply chains expands 

the scope of control towers' focus on visibility. Digital twins in the proposed framework are active execution 

substrates that facilitate autonomous decisions through real-time state synchronization and simulation (Ivanov 

& Dolgui, 2020). Unlike control towers that display the state of the supply chain, digital twins enact decisions 

by determining if an action is physically possible and compliant with regulatory requirements before taking the 

action. This operational role transforms digital twins from representative artifacts into control infrastructure. The 

difference is fundamental, as it permits safe autonomy instead of merely enhanced monitoring. 

Scale and Responsiveness Limitations: Both control towers and predictive analytics are limited by scale and 

responsiveness as the complexity of the supply chain increases. Human operators become overwhelmed by the 

volume of alerts and exceptions, resulting in delayed or inconsistent responses to changing conditions. Agentic 

systems that operate through digital twin orchestration enable the distribution of decision-execution while 

maintaining centralized governance. This architecture enables scalability without compromising control. The 

comparative advantage of agentic systems lies not in richer dashboards but in eliminating the human bottleneck 

in routine decisions, while retaining oversight authority. 

Rule-Based Systems Paradigm: Rule-based systems are an earlier automation paradigm in supply chain 

management. These systems codify deterministic logic such as reorder points, routing rules, and supplier 

selection criteria (Tang, 2006). Rule-based systems improve consistency and speed of execution but lack 

adaptability. Rule-based systems may generate suboptimal or even hazardous outcomes when conditions vary 

from the predetermined scenarios. Maintaining rule-sets grows increasingly difficult as supply chains globalize 

and regulations multiply. 

Differences Between Learning Based Agentic Systems and Rule-Based Systems: Learning-based agentic 

systems differ from rule-based systems by adapting policies based upon experience rather than static logic. 

Learning-based systems generalize across scenarios and adjust their behavior as conditions evolve. However, 

learning alone does not guarantee safety or alignment. Without governance, learning-based systems may drift, 

exploit loopholes, or prioritize short-term objectives. The proposed framework distinguishes itself by 

constraining learning within rule-bounded policy spaces that enforce governance architecture. This combination 

maintains adaptability while ensuring that learning-based systems do not exhibit uncontrolled behavior. 

Comparative Distinction: The comparative distinction between rule-based and learning-based systems can be 

described using policy selection dynamics. Deterministic action selection occurs in rule-based systems given a 

state. Agentic systems determine action selection by maximizing expected utility subject to constraints. If U 

denotes expected utility and P denotes policy selection over states s and actions a then agentic decisioning selects 

actions to maximize: 

𝐸(𝑈) =∑𝑃(𝑠 ∣ 𝑎)𝑅(𝑠, 𝑎)

𝑠

 

within governance constraints that restrict admissible actions. This formulation illustrates that learning-based 

autonomy optimizes behavior within predefined boundaries rather than executing deterministically defined 

logic. 

Treating Governance as External Layers: All existing intelligence models treat governance as an external layer 

that is applied after decisions are made. Predictive analytics relies on human judgment, control towers rely on 

human operator intervention, and rule-based systems rely on static constraints. The proposed agentic framework 

embeds governance into the decision-making process itself. Governance constraints, audit logging, escalation 

thresholds, and rollback mechanisms are evaluated at the time of decision-execution rather than retrospectively. 

This integration is the fundamental differentiator that enables scalable trust. 



INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS) 

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XV, Issue I, January 2026 

www.ijltemas.in                                                                                                                                                     Page  308 

Business Advantages of Agentic Supply Chains: The comparative advantages of agentic supply chains include 

sustained performance in volatile conditions. Predictive analytics and control towers are effective in stable 

conditions but degrade rapidly under conditions of rapid change due to human bottlenecks. Rule-based systems 

fail under novel conditions. Governed-agentic systems maintain consistent and responsive decision-making and 

compliance under conditions of rapid change. This characteristic supports sustainable strategic resilience rather 

than episodic improvements in efficiency (Xu et al., 2018). The comparative analysis demonstrates that the 

proposed framework is not a rebranding of existing frameworks but a structural reorganization of supply chain 

intelligence. By transforming from advisory analytics and visibility platforms to governed-autonomous 

execution mediated by digital twins, the proposed framework establishes a new class of supply chain systems. 

This new class of systems addresses the deficiencies of prior paradigms while preserving accountability and 

control. 

Future Research Directions 

The future of agentic supply chain research should take a holistic view toward recognizing the increasing 

importance of autonomous decision systems as enduring organizational actors, as opposed to temporary 

technological tools. Because autonomous decision systems continue to make decisions regarding procurement 

logistics inventory management, and network coordination, the research community must begin to move away 

from individualized performance enhancements, and toward understanding how to govern the long-term 

systemic behavior of agentic supply chain systems, their sustainability, and their institutional integration. The 

continued relevance of this research agenda will depend upon its ability to answer persistent questions as the 

maturity of technologies continues, regulatory environments continue to evolve, and organizations continue to 

increase their dependence on autonomous systems. 

One of the most significant and enduring research areas for agentic supply chains is multi-agent coordination. 

Supply chains are inherently multi-actor systems; the decisions made by one actor impact the operating 

environment of all other actors through shared resources, constraints, and feedback loops. In an agentic 

environment, coordination is no longer facilitated solely through centralized planning or human negotiation, but 

through the interaction of autonomous policies. Future research must identify the conditions under which local 

optimizations lead to global stability, and when they lead to systemic oscillations. 

In addition to identifying the conditions under which coordination occurs, future research must also consider 

scale and heterogeneity. As the number of agents increases, so too does the complexity of coordination, leading 

to non-linear increases in the likelihood of congestion, amplification of inventory oscillations, and decision 

deadlocks. Agents will have differing learning models, data access, governance constraints, and risk tolerances. 

Each of these factors will influence the interaction dynamics and create potential for asymmetric power 

distributions throughout the system. Therefore, research that creates models of heterogeneous populations of 

agents, and identifies coordination mechanisms that are robust to diversity, will be required for real-world 

deployments. 

Research into cross-enterprise agentic supply chains will further complicate the issues associated with 

coordination, while creating new challenges and opportunities for understanding issues of trust, legitimacy, and 

accountability. Autonomous agents representing different enterprises will have decisions that affect shared 

infrastructure, contractual obligations, and regulatory exposures. There will be no single entity capable of 

imposing unilateral governance. Future research must investigate decentralized governance mechanisms that 

facilitate cooperation without centralized authority. These mechanisms may incorporate elements of institutional 

theory, contract theory, and distributed systems research to provide common norms, enforcement protocols, and 

dispute resolution procedures. Additionally, cross-enterprise autonomy raises fundamental concerns regarding 

data sharing and competitive sensitivities. Enterprises may be reluctant or legally prohibited from sharing 

detailed operational data; however, they may still require cooperative decision-making. Therefore, research into 

privacy-preserving coordination techniques (e.g., constrained information exchange, abstracted state 

representations, and collaborative policy alignment) is essential. These techniques must balance the need for 

coordination efficiency with the requirement to protect proprietary information. 
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Another emerging area of research related to agentic supply chains is the use of quantum and hybrid optimization 

paradigms to improve the way agentic supply chains make complex decisions. A significant portion of the 

challenges associated with supply chain design, including network design, routing, and capacity allocation, 

exhibit combinatorial complexity that limits the effectiveness of traditional classical methods. The emerging 

computational paradigms may provide alternative approaches for exploring large solution spaces and generating 

high-quality candidate solutions. However, future research should focus on evaluating the practical advantages 

of these paradigms in solving complex decision problems, rather than simply speculating about potential 

performance benefits. The integration of advanced optimization paradigms into agentic systems raises several 

additional governance and interpretability challenges that must be addressed through scholarship. For example, 

novel solvers may generate output that contains unfamiliar types of uncertainty, or provide little transparency 

regarding the generation process. Research is needed to understand how to validate, constrain, and audit such 

outputs, within governance-first architectures. Potential hybrids of exploratory computation and conservative 

validation may represent practical compromises for meeting the needs of both exploration and validation.  

Finally, regulatory co-evolution represents a core and enduring research area due to the fact that autonomous 

supply chains challenge many of the current assumptions embedded in legal frameworks, including those related 

to human intent, episodic decision-making, and ex-post enforcement. Regulatory institutions currently operate 

under the assumption that autonomous systems operate intermittently, not continuously; and that they do not 

have the same adaptive capabilities as humans. Therefore, future research must explore how regulatory 

institutions will adapt to these new realities, and how agentic systems will be designed to anticipate and support 

the evolving regulatory expectations of regulatory institutions. Examples of this include ongoing compliance 

monitoring, embedded auditability, and mechanisms for dynamic reporting. Co-evolutionary research should 

also study the feedback loops between regulatory development and technological development. As regulatory 

bodies develop new requirements for algorithmic accountability, transparency, and human oversight, system 

architectures will adapt to meet these new expectations, potentially allowing for even more sophisticated 

regulatory approaches based on real-time monitoring and assessment, rather than periodic audits. 
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