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Abstract 

The architectures that enable the coordination of distributed analytics, enterprise events, machine agents, human 
judgment, and governance constraints under low latency conditions are becoming more common for real-time 
enterprise decision intelligence systems. Multi-agent orchestration is an architectural approach that distributes 
intelligence across software agents, which perform the functions of sensing, reasoning, negotiating, executing and 
explaining tasks or actions, instead of having it centralized in a single analytical core. In this review, we focus on peer-
reviewed journal articles published since 2015 that are directly relevant to multi-agent orchestration architecture in 
real-time enterprise decision intelligence systems. The literature reviewed shares a number of common themes: cyber-
physical decentralization, event-driven analytics, hybrid human–AI decision structures, explainability, and digital-twin 
mediated coordination. Although reported studies demonstrate the benefits of agent-based orchestration in terms of 
adaptability, local responsiveness, and resilience, agent-based orchestration still faces several challenges, including 
interoperability, verification, cross-agent accountability, organizational integration, and empirical evaluation at 
enterprise scale. The field is important, because future decision intelligence systems demand predictive accuracy, in 
addition to coordinated, explainable, auditable, and context-sensitive decision execution in complex enterprise 
environments.  

Keywords: Agent orchestration; Decision intelligence; Digital twins; Enterprise analytics; Multi-agent systems; Real-
time architecture  

1. Introduction

Multi-agent orchestration architectures for real-time enterprise decision intelligence systems are at a technical 
intersection of distributed AI, enterprise analytics, cyber-physical systems and organizational decision design, and 
constitute a technically focused yet increasingly significant research area. Multi-agent systems offer coordination 
schemes for distributed software entities that observe local environments, share knowledge, negotiate actions, and 
adapt to environmental changes [1]. In enterprise decision intelligence, such capabilities are relevant because decisions 
need to be made in real-time, from multiple sources, on various platforms, with a volatile supply chain, cyber-physical 
devices, and human supervision. The architectural challenge comes not only in the form of selecting the right model for 
analysis, but also in the way the different decision agents need to act in a way that accounts for latency, regulatory, and 
organizationally contextual constraints. 

The technical basis for this topic has been provided by manufacturing and industrial systems research, as it is in these 
environments that distributed sensing, low latency control, and adaptive coordination between the computational and 
physical assets is necessary [2]. However, enterprise decision intelligence extends beyond the factory floor. It comprises 
risk management in the supply chain, resource prioritization for maintenance, resource allocation, demand response, 
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compliance triage, and executive decision support. However, value generated by the capability of analytics in such 
environments depends on its incorporation into processes, roles, platforms and performance logic [3]. Therefore, multi-
agent orchestration should be interpreted as an architectural method to connect analytical intelligence with 
coordinated enterprise action, not as an AI technique. 

There is a significant gap between the current research landscape of technical agent architectures and organizational 
decision studies. Technical studies focus on, for example, agent communication, decentralization, reconfigurability, 
cyber-physical integration, and that of information systems and management studies on, for example, business value, 
governance, human-AI collaboration, and decision rights. The difference is significant because real-time enterprise 
decision intelligence systems need both layers. A system of orchestration that is technically efficient can be unsuccessful 
if there is a lack of accountability, interpretability, escalation logic, or managerial integration. On the other hand, an 
analytics system focused on governance would be too slow and too centralized in dynamic environments. This is a 
structural tension that is confirmed by organizational decision-making research in the era of artificial intelligence, 
which reveals that automation is not just about the speed of the decision, but also about the delegation, supervision, and 
control of decision-making [4]. 

A highly targeted journal corpus which covers the entire title is still limited. Decision intelligence is less well defined in 
peer-reviewed journals compared to other terms like business analytics, cyber-physical systems, smart manufacturing, 
artificial intelligence decision support, digital twins, and hybrid intelligence. Therefore, only peer-reviewed journal 
articles published from 2015 onward were considered for this work that directly impact the architecture/orchestration, 
real-time analytics and enterprise decision dimensions of the topic. The intent is not to offer a general coverage of the 
subject of AI in organizations. The aim is to critically analyze the literature that is most relevant to multi-agent 
orchestration architectures for real-time enterprise decision intelligence systems, compare reported results, highlight 
methodological limitations and clarify the research priorities into scalable, trustworthy and adaptive decision 
infrastructures. 

2. Literature Review  

The existing research related to multi-agent orchestration architectures of real-time enterprise decision intelligence 
systems can be categorized into four overlapping categories: agent-based cyber-physical coordination, smart 
manufacturing and real-time data pipelines, enterprise analytics value creation and human-centred decision-
governance. The first cluster sets the architectural foundation. According to smart-agent studies, agent-based cyber-
physical systems can enhance the modularity, local decision capabilities, self-configuration and responsiveness of the 
systems in industrial environments [5]. While related work in cyber-physical automation shows technical feasibility of 
prototype implementations, it also shows that there are ongoing barriers to standardization and interoperability, 
migration from legacy control systems, and certification [6]. Distributed sensing, cloud connection, and intelligent 
control, are also identified as enablers for adaptive production in smart factory research, but are usually considered as 
one-off studies or at the research scale without attention to enterprise-scale deployment [7]. In contrast, Kusiak's 
representation of smart manufacturing is more integrative, presenting analytics, sensors, optimization, and enterprise 
connectivity as a system level agenda and not a single technology stack [8]. 

The second cluster deals with real-time enterprise data flow. Industrial analytics pipelines illustrate how streaming 
infrastructure can support predictive maintenance and operational analysis when data ingestion, cleaning, storage, and 
modeling are coordinated as a pipeline rather than treated as sequential, stand-alone modeling processes. This has 
direct implications on multi-agent orchestration as agents need to have timely and context-rich state representations. 
But, when it comes to pipeline studies, data engineering and model execution are often the focus rather than agent 
negotiation, distributed autonomy, or cross-agent conflict resolution. The enterprise analytics literature also 
demonstrates that analytics capability has a positive impact on firm performance only in combination with strategy, 
dynamic capability, and process redesign [10, 11]. Strategic value frameworks also warn that data volume and analytical 
sophistication do not guarantee the value of the decisions; decisions must be integrated and governed in the 
organization. 

The third cluster relates to contexts where decisions are riskier to make, particularly in the context of supply chain risk. 
AI research focused on supply-chain risk management reveals potential prediction, classification, planning and 
disruption response capabilities, but also weak validation across complex operational networks and fragmented 
evidence [13]. These results are relevant to the topic, as multi-agent orchestration is most useful if there are multiple 
actors, constraints and objectives that can interact in real time. However, there are numerous articles in the supply-
chain AI space which focus on algorithms, with questions remaining regarding the role of agents, protocols for 
coordination, and who is responsible for what. The fourth cluster is about the collaboration between humans and AI. 
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Research on human–AI symbiosis suggests that organizational decision-making processes can be enhanced by bringing 
together computational pattern recognition with human contextual judgment [14]. Opaque AI systems are not suitable 
for accountable enterprise decision intelligence when decisions involve ethics or customers or have strategic impact 
[15]. Hybrid intelligence research considers the problem in the light of joint human-machine cognitive performance, 
and it is appropriate to the architectures of orchestration that involve escalation agents, explanation agents, and human 
approval paths [16]. 

Selected studies from the corpus are summarized in Table 1. These findings are presented in the table and reveal that 
the highest architectural evidence is found in industrial cyber-physical journals, and the highest organizational evidence 
is found in the analytics, information systems and decision-governance journals. The literature as a whole corroborates 
the topic while also demonstrating that there is a fragmentation of technical and managerial traditions in the literature. 

Table 1 Summary of key findings 

Ref Focus Key Findings 

[5] Smart agents in industrial 
cyber-physical systems 

Agent-based control improves modularity, local responsiveness, and 
distributed coordination, but industrial validation remains constrained by 
interoperability and dependability demands. 

[6] Cyber-physical automation 
prototypes 

Prototype architectures show feasibility of distributed automation, yet 
migration, standardization, and certification limit enterprise deployment. 

[7] Smart factory architecture Connected sensors, cloud platforms, and intelligent control support adaptive 
production, but orchestration logic is often under-specified. 

[8] Smart manufacturing Enterprise-scale manufacturing intelligence requires integrated analytics, 
sensing, optimization, and process connectivity. 

[9] Industrial big data pipeline Real-time analytics depends on coordinated data ingestion, transformation, 
storage, and model execution. 

[10] Analytics capability and 
strategic alignment 

Analytics value increases when analytical capability aligns with strategy and 
operational objectives. 

[11] Big data analytics and 
dynamic capability 

Analytics contributes to performance through dynamic capability, not through 
data accumulation alone. 

[12] Strategic value from big 
data analytics 

Business value requires governance, process embedding, and decision-oriented 
resource configuration. 

[13] Artificial intelligence in 
supply-chain risk 

Artificial intelligence supports risk prediction and mitigation, but transparency 
and network-level validation remain limited. 

[14] Human–AI organizational 
decision-making 

Effective decision systems combine computational analysis with human 
judgment and role redesign. 

This fragmentation is extended in recent review-oriented literature. Artificial intelligence (AI) applications for supply-
chain management are wide but not well-integrated, a vast majority of which look at forecasting, inventory 
management, transportation and supplier selection but do not focus on orchestration of coordinated agents [17]. The 
research of digital supply-chain twin has a better architecture bridge since digital twins can share the state 
representation of distributed agents, simulate scenarios, and support decision-making with resilience [18]. When the 
literature is combined, a multi-agent orchestration architecture for real-time enterprise decision intelligence systems 
is not yet a solid, consolidated research area. Rather, there are currently compatible, but somewhat disjointed fields that 
are becoming integrated via architectural-level investigation. 

3. Methodology  

Methodologically, the literature reviewed is based on conceptual architectures, prototype demonstrations, design 
frameworks, survey reviews, empirical analytics models and qualitative organizational theorization. In the studies on 
cyber-physical and smart manufacturing, a typical layered architecture is used, where all layers of entities share 
information via standard interfaces [5]–[8]. The power of this approach is that it provides architectural clarity in terms 
of where sensing, reasoning, execution, and coordination occur. The disadvantage is that enterprise decision intelligence 
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may involve multi-functional objectives that involve more than production control alone. There may be a production 
agent optimizing throughput, a risk agent optimizing resilience and a finance agent optimizing cost containment. The 
majority of the architectures reviewed do not describe completely how such objective conflicts are mediated in real 
time. 

The methodological approach of pipeline studies is different. Industrial big data pipeline research focuses on the 
movement, transformation and deployment of the model as the operational requirements to make decisions with 
analytics [9]. The empirical models or conceptual frameworks used to link analytics resources with performance 
outcomes are commonly used in analytics capability studies [10]–[12]. This literature helps to understand the need for 
an organizationally embedded orchestration, but fails to analyze the technical architecture of interacting agents. 
Human–AI and explainability studies bring in techniques based on organizational design, decision theory and 
accountability [14]–[16]. This is vital to enterprise decision intelligence as real-time recommendations can be a source 
of operational risk if they are made without escalation, explanation, or override logic. 

Table 2 presents a comparison of methodological approaches in the literature reviewed. The comparison highlights 
their respective strengths as they cover a different aspect of the topic and none of them provides a comprehensive 
description of multi-agent orchestration architectures for real-time enterprise decision intelligence systems. This 
provides a methodological opportunity for the integration of simulation, enterprise process modelling, field deployment 
and human-centered assessment in mixed architecture evaluations. 

Table 2 Method comparison  

Ref Method Strengths Limitations 

[5] Agent-oriented cyber-physical 
architecture review 

Specifies agent roles, coordination 
needs, and industrial control 
relevance. 

Limited enterprise-level evaluation 
beyond industrial automation 
contexts. 

[6] Prototype-oriented cyber-
physical implementation 
analysis 

Connects architectural concepts to 
implementation barriers. 

Prototype evidence remains 
difficult to generalize across 
sectors. 

[7] Smart factory architecture 
analysis 

Links sensing, connectivity, and 
intelligent control. 

Agent orchestration protocols 
receive limited analytical 
treatment. 

[9] Industrial data pipeline design Clarifies real-time data 
dependencies for decision agents. 

Coordination among multiple 
decision agents is not central. 

[12] Strategic value framework Explains process embedding and 
value creation mechanisms. 

Lacks low-latency orchestration 
and agent-level architectural detail. 

[14] Human–AI organizational 
decision analysis 

Identifies judgment allocation and 
collaboration requirements. 

Provides limited computational 
specification for orchestration. 

[16] Hybrid intelligence 
conceptualization 

Frames joint human–machine 
cognition as a design target. 

Requires operational translation 
into enterprise architecture. 

[18] Digital supply-chain twin 
framework 

Offers shared state representation 
for resilient decision coordination. 

Validation at real-time multi-agent 
enterprise scale remains limited. 

Figure 1 shows a conceptual architecture centered on real-time enterprise decision intelligence, with streaming 
enterprise events being processed by specialized agents that communicate with each other via an orchestration layer 
to generate governed enterprise actions. This is important because the literature reviewed suggests that decision 
intelligence involves having to interact with agents, share state, govern, and give feedback on execution – not just 
prediction models. The figure is based on conceptual coding of architectural themes in [5]–[9], [14], [16], [18]. 
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Figure 1 Conceptual architecture for multi-agent orchestration in real-time enterprise decision intelligence systems 

The concept is that orchestration must be placed in the first-class architectural layer. With this missing layer, enterprise 
decision intelligence becomes a collection of individual analytics services that cannot resolve conflict, maintain 
auditability, or continue to take action when things change. 

4. Discussion  

Table 3 Results comparison  

Ref System / Context Metric / Basis of Comparison Outcome 

[5] Industrial cyber-
physical agents 

Architectural capability for 
modular control 

Distributed agents supported modular 
coordination, with dependability and 
standardization unresolved. 

[6] Cyber-physical 
automation prototypes 

Implementation feasibility and 
migration barriers 

Prototypes validated distributed automation 
concepts, but legacy integration remained a 
major constraint. 

[7] Smart factory systems Connectivity and adaptive 
production capability 

Sensor-cloud-control integration supported 
adaptivity, while orchestration mechanisms 
stayed underspecified. 

[9] Smart manufacturing 
maintenance analytics 

Data pipeline completeness for 
real-time analytics 

Coordinated ingestion and processing enabled 
maintenance analytics more reliably than 
isolated model deployment. 

[10] Analytics capability in 
firms 

Strategy alignment and 
performance linkage 

Analytics improved performance when aligned 
with strategic priorities. 

[11] Big data analytics 
capability 

Dynamic capability pathway Performance effects depended on capability 
transformation rather than data scale alone. 

[13] Supply-chain risk 
management 

Artificial intelligence 
contribution to risk detection 
and response 

Predictive tools aided risk management, but 
validation and transparency gaps persisted. 

[16] Hybrid intelligence Human–machine 
complementarity 

Joint human–machine cognition improved 
decision framing but required explicit task 
allocation. 

[18] Digital supply-chain 
twin 

Shared simulation and 
resilience basis 

Digital twins offered a state layer for disruption 
analysis, with limited live multi-agent 
validation. 
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There is a major paradox regarding both decentralization and control. Distributed autonomy is an important factor in 
the literature on Multi-agent systems, as it allows for more flexibility and responsiveness at the local level [1, 5]. 
Accountability, traceability and control of the decision process are instead the focus of enterprise decision governance 
literature [4], [14], [15]. This is a tension in the architecture. More agent autonomy can shorten response times and 
increase adaptability, but can also make it more difficult to hold the agents accountable if pathways to action are not 
logged, explained, and bounded. Explainable AI is not fully a solution, since the explanations can be at different levels: 
model level or orchestration level. For enterprise decision intelligence, there needs to be explanatory information – why 
did a particular agent take a particular action? Why did other agent recommendations get rejected? Why did escalation 
happen? Why did the final action meet policy constraints? 

The reviewed studies were qualitatively coded according to architectural function: agent coordination, real-time data, 
enterprise value, governance and digital-twin state representation, as presented in Figure 2. The distribution shows 
that the evidence base is fragmented, often studying technical orchestration, analytics value and governance 
individually and as separate decision intelligence architectures. Dominant contributions in [5]–[18] were coded 
qualitatively using a binary classification. 

 

Figure 2 Evidence distribution across architecture functions in reviewed studies 

The coding focuses on the extent to which architectural building blocks are represented in the literature, but limited in 
integrated assessment. While agent coordination is a concept in industrial systems research, enterprise value is in 
analytics, and governance in human–AI studies, real-time enterprise decision intelligence mandates a combined 
evaluation across all functions. 

Interpretation is affected by technical differences between studies. Many existing works on cyber-physical systems 
operate under assumptions of deterministic/semi-structured operational domains where agents interact with 
equipment, sensors, and control services [2], [5], [6]. The literature of enterprise analytics typically focuses on more 
general performance goals, but not necessarily on what decisions are made, or how, second by second [10]–[12]. As for 
judgment and responsibility, human–AI work tackles these issues yet rarely has architectures that can be executed [14]–
[16]. Digital-twin research contributes simulation capability and shared state representation, while real-time 
synchronization among multiple agents across enterprise platforms remains insufficiently validated [18]. Thus, there is 
not yet enough agreement to support a general architecture. A more defensible conclusion is that architecture must be 
bound by decision latency, domain volatility, regulatory exposure, interoperability burden, and acceptable autonomy 
level. 

In Figure 3, four architectural archetypes are analyzed for their suitability in terms of latency fit, their coordination 
complexity, explainability, integration burden, and resilience, in the context of real-time enterprise decision intelligence. 
It is important as the literature review shows that there is not a specific architecture that dominates, but hybrid digital-
twin and multi-agent orchestration provides a strong overall fit but increases coordination and integration complexity. 
Findings from [5]–[18] are interpreted and assigned a score of 1- 5 for comparative review visualization. 
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Figure 3 Comparative fit of architectural archetypes for enterprise decision intelligence  

The key design implication from the review is illustrated in Figure 3. While centralized analytics may be easier to 
manage, it is less well suited for low-latency distributed action, edge Multi-agent systems can provide greater speed and 
resilience but with greater explanation and coordination loads, the potential for digital-twin-plus-agent architectures is 
enhanced for centralized governance, and human-governed hybrid architectures can further enhance accountability but 
may be less suited to high-frequency action domains. 

The following are some research gaps. In the first place, there are few comparative benchmarks of orchestration 
architectures. Most of the studies focus on prototypes or frameworks, or on comparing a capability relationship to other 
models, but not on comparing centralized, hierarchical, federated and agent-based orchestration in a control 
framework. Secondly, decision intelligence metrics are still underdeveloped. These attributes accuracy, latency, 
throughput, resilience, explainability, escalation frequency, policy compliance, and human trust should be measured 
together, but studies rarely do so. Third, there is a dearth of enterprise-scale empirical evidence. While industrial 
prototypes offer much technical insight, enterprise decision intelligence extends beyond departments, platforms, 
incentives and risk regimes. Fourthly, orchestration-level accountability is weak. Future systems need to store logs and 
explanations for the outputs of the system, but also for agent negotiation, arbitration, and for rejected alternatives. 

Future Directions  

For real-time enterprise decision intelligence systems, future studies of multi-agent orchestration architectures should 
focus on the architecture level instead of further individual algorithm-based studies. One of the first priorities should 
be the development of benchmark environments that enable a comparison of centralized analytics, hierarchical control, 
federated orchestration, and multi-agent digital-twin architectures, operating on the same enterprise decision 
scenarios. Measures of latency, decision quality, frequency of conflict, recovery time, completeness of explanation, 
compliance of policy and human intervention rate should be included in such benchmarks. Though there are some 
cyber-physical and analytics studies, they only offer partial measures, while integrated metrics still do not exist [5], [9], 
[12]. 

Orchestration accountability is a second priority. The research on explainability and hybrid intelligence should be 
further extended to agent-level explainability [15] and [16]. Traceable documentation of agent observations, proposed 
actions, negotiation processes, arbitration rules, human overrides and final decisions are required for real-time decision 
intelligence systems. In regulated enterprise domains this is particularly crucial, where speed cannot be used as a 
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substitute for responsibility. The third priority is digital-twin based coordination. Shared state and simulation capability 
for distributed agents can be achieved with digital twins, but further research is required in order to validate live 
synchronization, drift detection, multi-agent scenario evaluation, and resilience under disruption [18]. 

The fourth priority is related to interoperability and migration. Legacy ERP, MES, CRM, SCM, cloud, edge and compliance 
systems are found within enterprise environments. Therefore, architecture patterns that allow for the gradual adoption 
instead of full platform replacement are worthy of study for multi-agent orchestration research [6, 7]. An 
interdisciplinary evaluation is a fifth priority. Technical research should include organizational decision rights, 
incentives, workflow redesign, and human oversight; organizational research should include latency constraints, data 
pipelines, agent protocols, and system verification. The most useful future work will consider real-time enterprise 
decision intelligence as a coupled socio-technical architecture where agents, humans, data infrastructure, governance, 
and digital twins are all components that interact. 

5. Conclusion  

Multi-agent orchestration architectures for real-time enterprise decision intelligence systems are a promising yet 
largely uncoordinated research field. The architectural value of distributed agents in cyber-physical and smart 
manufacturing contexts is supported with the strongest evidence, as is the operational importance of real-time data 
pipelines, the organizational importance of analytics alignment and the governance importance of human-centered and 
explainable AI. Though the literature suggests that agent orchestration can benefit enterprise responsiveness, 
adaptability, modularity and resilience, enterprise decision intelligence cannot just be based on decentralized 
computation. It also needs to include shared state representation, conflict resolution, auditing, human oversight, and 
integration with decision rights within the organisation. 

The academic value of the topic is related to its ability to connect enterprise action with AI architecture under time-
sensitive conditions. Challenges remain in comparative evaluation, explainability at the orchestration level, enterprise 
scale validation, integrating with legacy platforms and metrics that together account for latency, quality, accountability, 
and resilience. The next step is to shift from stand-alone demonstrations and conceptual architecture to integrated, 
empirically validated architectures. There is a clear need to explore the role and interaction of agents, digital twins, 
analytics pipelines and human governance in making reliable real-time decisions across complex enterprise 
environments as part of a mature research agenda. 
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