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Abstract 

Enterprise processes encompass non-obvious repetitive decisions that affect key performance 

indicators, and should therefore be analysed for automation using formal or semi-formal 

representation and reasoning methods. The focus is on high-level workflows comprising 

consistent high volumes of low-level anti-patterns, and not on semantic business process 

definitions. Their automated multi-agent realisation relies on specialised agents implementing 

the Anti-Pattern Detection System and Anti-Pattern Automation and Resilience System patterns. 

A generic multi-layer orchestration architecture integrates probability-based risk assessment with 

service-state representation in a hybrid Service-Oriented Architecture. Empirical evaluation 

examines the applicability for massive deployment in enterprise systems. 

Recent developments in autonomous AI and Computer Games research have demonstrated the 

capability of state-of-the-art techniques to realise common, low-level responses to non-obvious 

enterprise decisions. However, such solutions are yet to achieve autopilot orchestration-free 

deployment, increasing their potential for scalability and leverage of private or non-sensitive 

data. Automated task execution for highly-frequent, low-cost actions may not be needed but can 

create additional business value through risk-weighted selection. Artificial Agents can provide 

consistently reliable success rates for these Anti-Patterns in Enterprise Business Operations, 

enabling formalised real-world testing and risk quantification in production environments. 

Keywords: Enterprise Process Automation with AI, Multi-Agent Enterprise Systems, Business 

Process Anti-Pattern Detection, Autonomous Decision-Making in Enterprise Workflows, AI-

Driven Process Orchestration, Hybrid Service-Oriented Architecture (SOA), Probability-Based 

Risk Assessment Systems, Autonomous Enterprise Workflow Agents, Intelligent Task 

Automation Platforms, Multi-Layer Enterprise Orchestration Architectures, AI-Based Business 

Process Optimization, Enterprise Decision Intelligence Systems, Automated Anti-Pattern 

Resolution Systems, Agent-Based Enterprise Process Management, Risk-Weighted Task 

Automation, Autonomous Service-State Monitoring. 
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The rapid development of Intelligent Agents (IA), Artificial Intelligence (AI), and 

Machine Learning (ML) technologies creates promising perspectives for deploying Autonomous 

Multi-Agent Systems (AMAS) at scale within organizations. The effective coordination of a 

large number of autonomous agents acting with different objectives represents a research 

challenge. Nevertheless, it is possible to build IA systems that could naturally cooperate with 

other similar systems, possibly deployed by different organizations, through public or brokered 

interfaces. 

For some areas and phases of enterprise workflows, such as sales, support, or strategic 

planning, the agent systems are specialized in realizing a subset of decisions. Dedicated AI 

algorithms can be trained to maximize only one or few validation criteria in the related domain, 

while the AMAS architecture and protocols manage combinations and interactions to build a 

complete solution. Nevertheless, the demand for scalability in enterprise workflow automation 

limits the application of each IA system for real-time decision-making. AI algorithms embedded 

in the AMAS act in a sampling mode, with low-frequency updates, and use storage space to 

preserve information that is shared with all agents of the organization. 

2. Foundations of Autonomous Multi-Agent Systems 

Autonomous multi-agent systems are heterogeneous collections of autonomous agents, 

able to interact and cooperate with others towards a common goal, under the direction of an 

orchestrating commander-agent. Within the context of enterprise workflow automation, these 

agents must aid in the execution of an enterprise process, manage individual subprocesses or 

tasks autonomously, or govern the overall execution within the enterprise environment. The 

orchestration of a hierarchical multi-agent architecture is addressed by the enterprise agent, such 

as a central nervous system governing the entire enterprise or an external agent manager steering 
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a federated enterprise structure.

 

Fig 1: Orchestrating Autonomy: Design Principles for Hierarchical and Federated 

Autonomous Multi-Agent Systems in Enterprise Workflow Automation 

Agent architectures can be classified according to the degree of autonomy, as well as the 

nature and origin of the communication and coordination protocols. A purely hierarchical 

organization, for example, assumes a studio director taking charge of every action of every actor 

and issuing every detail of every scene, while a completely federated structure configures a 
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group of actors able to jointly make decisions and negotiate their actions without an external 

orchestrator. Increasing the level of autonomy, the system can then evolve towards a mixed 

structure, where agents maintain their autonomy but accept a hierarchical coordination system 

with autonomous subordinates under their own command. 

2.1. Agent architectures and coordination 

The design of a multi-agent AI system is fundamentally determined by the properties of 

the agents involved. Branching into three layers of architectural specialization, the discussion 

will first examine low-level architectures that address individual agent properties, and then move 

up to coordination protocols that help agents work together toward a common goal. 

Autonomous AI agent architectures can be classified into two main categories: 

deliberative and reactive. Deliberative agents combine reasoning, planning, and acting through a 

cycle of logical deduction that enables the consideration of longer-term plans and goals. The first 

deliberative architectures, especially those elaborated in the context of the ACT-R cognitive 

modeling theory, used classical logic to reason about the world, build plans, and act on those 

plans. However, this approach required a complete representation of the world to identify the 

expected outcomes of actions, a requirement that has often been lifted through the introduction 

of probabilistic reasoning to deal with uncertainty. In the context of multi-agent systems, this 

approach has given rise to probabilistic BDI logic, where agents reason about beliefs, desires, 

and intentions, as well as about the beliefs of other agents. 

2.2. Communication and negotiation protocols 

The use of a dedicated communication protocol can ameliorate several issues within a 

multi-agent system. Consider the problem of negotiating a service contract between two agents: 

the client and the service provider. The client cannot specify to the service provider exactly how 

service should be provided, but nevertheless, some common understanding of the services to be 

provided is required. Moreover, it is often impossible for the client to convey its requirements in 

precisely the same way that the provider would want to model them, given the different 

knowledge and experience base of the two agents. It is likely that both parties have a vague idea 

about the quality of service, risk of failure, or the suitable payment. Formalising the specification 

as an SLA would take away the uncertainty, but uncertainty facilitates creativity and allows for 

exploration of a larger space of solutions. In this case, it would be beneficial to provide a 

communication language that facilitates the communication of services and contracts. 
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Communication languages that address these issues can be implemented based on a 

negotiated set of terms where a common ontology between the parties defines classes and the 

relations among them. However, even if both parties agree on using the same ontology with the 

same meanings, agents might still have divergent perspectives causing SLA contracts to differ on 

strategic concepts. An extension to these languages allows agents to abstract services whose 

complexity exceeds their capacities or for which they have insufficient knowledge. The meta-

ontology language used to guide these abstractions serves as a blueprint that ensures the mapping 

down distributively and detect if the abstractions are against the intentions of the original agents. 

3. Methodology 

Research on autonomous multi-agent systems focuses on building frameworks in which 

many cooperating software agents make decisions for automating workflows in scalable 

enterprise processes. While the individual agents may support simple tasks, they collectively 

address complex workflows that are characterized by uncertainty and rely on multiple interacting 

enterprise systems. 

The decision-making autonomy of agents is crucial, because enterprise processes often 

require the incorporation of uncertain information from many sources, including enterprise 

resource planning (ERP), customer relationship management (CRM), and business process 

management (BPM) systems. Such systems excel in efficiency but usually trade flexibility, 

adaptation, and resilience. Organizations increasingly appreciate the importance of adapting 

strategies to new technological and environmental circumstances. Enterprise IT systems must 

become smarter and take decisions instead of simply processing requests. Research in this 

direction has matured for specific domains, but no general framework supports end users in the 

automated definition, analysis, execution, and monitoring of complex workflows. 
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Equation 1: Expected utility of an agent decision 

Assume an agent takes an action 𝑎. 

Let: 

 𝑝𝑠 = 𝑃(success ∣ 𝑎) 

 𝑝𝑓 = 𝑃(failure ∣ 𝑎) 

Because success/failure are exhaustive: 

𝑝𝑠 + 𝑝𝑓 = 1 

Let: 

 𝐺 = reward if successful 
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 𝐿 = loss if failed 

Then expected utility is: 

𝐸𝑈(𝑎) = 𝑝𝑠 ⋅ 𝐺 + 𝑝𝑓 ⋅ (−𝐿) 

Substitute 𝑝𝑓 = 1 − 𝑝𝑠: 

𝐸𝑈(𝑎) = 𝑝𝑠𝐺 − (1 − 𝑝𝑠)𝐿 

Expand: 

𝐸𝑈(𝑎) = 𝑝𝑠𝐺 − 𝐿 + 𝑝𝑠𝐿 

Factor 𝑝𝑠: 

𝐸𝑈(𝑎) = 𝑝𝑠(𝐺 + 𝐿) − 𝐿 

Decision threshold 

Choose the action only if: 

𝐸𝑈(𝑎) > 0 

So: 

𝑝𝑠(𝐺 + 𝐿) − 𝐿 > 0 𝑝𝑠(𝐺 + 𝐿) > 𝐿 𝑝𝑠 >
𝐿

𝐺+𝐿
 

Example 

If 𝐺 = 10 and 𝐿 = 6, 

𝑝𝑠 >
6

10 + 6
=

6

16
= 0.375 

So the action is worthwhile only when: 

𝑝𝑠 > 0.375 

4. Objective of the Study 
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Researching scalable decision automation frameworks based on specialist agent roles, 

enables models of enterprise work at various management levels. Scalable and coherent 

automation of decision-making continues to be a frequently acknowledged priority in enterprise 

computing. Spatial constraints and limited budgets often push decision automation beyond the 

capabilities of single systems. Distributed decision automation based on Multi-Agent Systems 

(MAS) provides a promising alternative for scalable enterprise-wide decision automation. 

Governance, accountability, compliance, such as risks, are critical areas for enterprise decisions, 

as are the integration of autonomous systems with enterprise AI ecosystems. 

A maturity model spans the enterprise-wide adoption of MAS decision automation, 

evolving from an early use case with a few universal agents, through enterprise role 

specialization, early phase automated risk management, and higher level management 

automation in a second phase, to full fonctional maturity. Maturity is based on increasing 

requirements for trustworthiness, explicability, and compliance that arise with enterprise decision 

levels. The risk-taking principle underlying all enterprise choices places special emphasis on the 

structured foundation of agent technologies, extending from architectures, through coordination 

and communication, to decision-making foundations of uncertainty and scalability. These aspects 

also shape the enterprise context for the automated MAS decision-making patterns. The technical 

solution space addresses the classic MAS properties of scalability and robustness. Elements 

suitable for evaluation, experimentation and benchmarking are defined across the complete 

decision scale and, where applicable, established, synthesized or coded to ensure consistency, 

unify architecture, open experimental avenues, and highlight opportunities for further research. 

5. Research Summary 

Several concepts, techniques, and approaches from the field of Autonomous Multi-Agent 

Systems can support the construction of frameworks that address the challenges of scalable 

enterprise workflow decision automation. Agent-based architectural patterns emerge that 

leverage autonomous multi-agent systems (A-MAS) with minimal supervision and/or 

orchestration to support and automate workflows at scale. 

One category of A-MAS is designed primarily for the orchestration-free automation of 

workflows consisting of discrete, deterministic tasks that require human-like competence, such 

as sub-tasks of customer complaint handling or help-desk ticket close-out. Risk is managed by 

deploying a fleet of agents to address the bounded rationality and uncertainty inherent in 

complex environments. A-MAS adoption begins with simple tasks for which human supervision 

is still desirable and expands over time to cover more complex workflows where human 
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supervision can be entirely replaced. An alternative category of A-MAS aims to automate 

enterprise workflows that comprise continuous, uncertain processes such as purchase and sales-

order fulfillment. The deployment of a self-organizing A-MAS enables these workflows to scale 

to support spikes in volume without a concurrent increase in decision latency. 

6. Architectural Patterns for Enterprise Workflow Automation 

Specific architectural patterns have emerged when applying multi-agent frameworks for 

automating enterprise workflows. Some solutions implement a hierarchical agent organization in 

which users formulate high-level goals and subordinate agents generate detailed action plans. A 

different set of approaches adopts a federated organization in which agents communicate and 

collaborate directly without requiring a central authority. Several solutions support the 

automation of decision-making through orchestration-free architectures: agents exposed as 

services interact according to a process defined through a messaging platform. Service discovery 

and orchestration can be realized by combining such agents with an external enterprise service 
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bus that routes messages according to business requirements. 

 

Fig 2: Exploring Emerging Architectural Patterns for Multi-Agent Enterprise Workflow 

Automation: Hierarchical vs. Federated Approaches 
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Some agent-based automation solutions adopt a hierarchical organization in which users 

define high-level goals that are delegated to subagents. The high-level agents implement meta-

reasoning capabilities to trigger plans that specify mid-level decisions. Lower-level agents use a 

task planner or higher-level guidance to create action sequences that are executed upon their 

environment. Hierarchical organizations can provide scalability benefits, but they also create 

scalability bottlenecks if agents also specialize in tasks such as providing plans or sequencing 

actions. Furthermore, their meta-reasoning capabilities depend on acquiring and maintaining a 

probabilistic or qualitative model of the problem domain and the effects of actions. Alternatively, 

federation-based approaches decouple agent roles and avoid structure by allowing one-shot 

collaborations. 

6.1. Hierarchical and federated agent organizations 

With the increasing complexity of enterprise processes and workflows, hierarchical 

organizations are usually adopted to better manage the increased uncertainty and facilitate the 

inclusion of human-in-the-loop decision-making when the decisions taken by stronger 

cooperating agents mainly affect humans. A typical example is the negotiation of a supply chain 

where the decisions of lower-level agents form the context for the decisions of higher-level 

agents that serve to steer and coordinate the enterprise workflow as a whole. The key advantage 

of such hierarchical organizations for performance-critical business processes is that low-

complexity local decision-making is decomposed into higher-complexity supervised decision-

making with human-in-the-loop support functionality. Maturity models and phased adoption can 

facilitate this. 

FedID, the Federation for Intelligent Data and Agent-Based Environments, presented a 

federated agent systems framework for realising an interoperable federated framework of 

Federated Agent Systems. The key advantage of a federated multi-agent organisation for data 

processes distributed in neighbouring enterprises is that these processes have to cooperate and 

thus can be viewed as subcontractors of each other for the duration of joint execution. By 

collaborating, processes can be executed faster and more cheaply than having one enterprise 

managing the processes end-to-end because the creation of additional data for the execution of 

the process is OR-structured. The costs comprise both the administration of the subcontractors 

and the tolerating of progress and allocation uncertainty in the execution of such data processes. 

Single-agent reliability 𝑟 Redundant agents 𝑘 Parallel reliability 

0.70 1 0.700 
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Single-agent reliability 𝑟 Redundant agents 𝑘 Parallel reliability 

0.70 2 0.910 

0.70 3 0.973 

0.80 2 0.960 

0.80 3 0.992 

0.90 2 0.990 

6.2. Orchestration versus orchestration-free approaches 

Enterprise, like many domains in the field of Multi-Agent Systems, poses a series of 

competing constraints and requirements. It is not simply that agents cannot easily be summoned 

to solve a decision problem when the requirement arises, but also the necessity for a solution and 

the need for rapid response frequently exist at the same moment, in which case, the reasoning 

process incurs an unacceptably high delay. Eschewing closed-loop control provides a mechanism 

whereby the required information is located before it is required, consistent with high 

throughput. However, as a corollary, information that is not required in the immediate future 

incurs an opportunity cost since that processing could have been reallocated to other more urgent 

requests. 

The requirements therefore suggest a complimentary approach, wherein the requirement 

for information can be satisfied under closed control but an ambient intelligence layer operates 

much more freely without that requirement but using Orchestration-Free multi-agent integrity 

constraints, reducing computational load and response time. That is, the decision may be treated 

as “orchestration-free” when sufficient context is available to select a suitable Envoy Agent 

using an orchestration-free approach but executed under “orchestration” when context 

requirements are higher than this ambient layer can satisfy. Furthermore, when this ambient 

intelligence layer cannot locate the required information, the delay incurred with Orchestration 

can still be tolerated without the need for resourcing the operation with Orchestration. 

Equation 2: Decision tree expected value 

Suppose a decision node has 𝑛 branches. 

Let: 
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 𝑝𝑖 = probability of branch 𝑖 

 𝑉𝑖 = value obtained if branch 𝑖 occurs 

Then: 

∑𝑝𝑖

𝑛

𝑖=1

= 1 

and expected value of the decision node is: 

𝐸𝑉 =∑𝑝𝑖

𝑛

𝑖=1

𝑉𝑖 

Two-level tree derivation 

Suppose the root has two branches: 

 branch 1 with probability 𝑝1, value 𝑉1 

 branch 2 with probability 𝑝2, value 𝑉2 

Then: 

𝐸𝑉 = 𝑝1𝑉1 + 𝑝2𝑉2 

If branch 1 itself expands into two sub-branches: 

 𝑞11, 𝑞12 with outcomes 𝑅11, 𝑅12, 

then: 

𝑉1 = 𝑞11𝑅11 + 𝑞12𝑅12 

Substitute into root equation: 

𝐸𝑉 = 𝑝1(𝑞11𝑅11 + 𝑞12𝑅12) + 𝑝2𝑉2 

Distribute 𝑝1: 
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𝐸𝑉 = 𝑝1𝑞11𝑅11 + 𝑝1𝑞12𝑅12 + 𝑝2𝑉2 

7. Decision-Ma king under Uncertainty and Scalability Considerations 

Autonomous multi-agent systems are inherently scalable, capable of processing large 

information quantities, and executing complex decision-making workflows faster than individual 

agents. However, achieving these desirable features in practice is challenging. Two main aspects 

must be considered: first, enabling non-agent components to benefit from multi-agent systems’ 

strengths; second, implementing appropriate methodologies that guarantee correct, risk-aware, 

and resilient decisions as the number of agents grows. 

Multi-agent systems operate in environments characterized by uncertainty and dynamism. 

In the real world, chaos reigns: everything is connected and interacts to some extent, and nothing 

can be programmed down to the last detail, making risk an inseparable companion in any 

decision-making process. Consequently, in a world ruled by risk, risk management should 

become a driver behind actions. It makes no sense to make decisions when the outcome is known 

for sure, especially negative ones—one would not cross a bridge that was known to be 

collapsing, nor would one walk down a street flooded in the middle of a storm. Planning under 

partial observability enables a decision-maker to reason more about risk and less about control 

actions. Probabilistic reasoning enlarges reasoning capabilities for agents. Using a simpler 

approach where agents only evaluate options without building a complete probability tree and 

where A* provides optimal paths through the space enables mass production of agents. 

Identifying the right moment to act is important for enabling proper interaction when 

supporting workflows. Although agent-based systems integrate well with relational databases 

through adapter design, they may struggle with NoSQL implementations. The philosophy behind 

these architectures is based on desynchronizing information caching between the agent and no-

agent worlds. The message becomes an important vehicle for coordinating agent interactions, 

and the transition from a multi-agent cognitive process into an enterprise control mechanism is 

non-trivial and deserves more investigation. 

7.1. Probabilistic reasoning and risk assessment 

Foundations of Autonomous Multi-Agent Systems 

Enterprise workflows feature repeatedly occurring tasks such as transforming raw 

materials into finished products or procurement. In such cases where the workflows can be 
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modelled by decision trees with unknown branch probabilities, the agent architecture should be 

able to autonomously determine a policy while managing the decision-making uncertainty and 

associated risks. 

Decision tree models are widely used in machine learning and statistics for supervised 

learning. The tree architecture naturally reflects workflows with repeating tasks that can be 

represented by a set of semi-independent decisions. By learning a decision tree policy, the agent 

can select the best path for maximum expected value, minimum expected cost, minimum risk, or 

other objectives. However, the branch probabilities either may not be available or may evolve 

over time, making risk assessment during execution also important. Automated methods thus 

need to be developed for predicting these probabilities and hence for making reliable policy 

decisions. During execution, these predictive models can be used for risk assessment should 

branch probabilities be either unknown or low. 

Probabilistic inference is often applied in agent organizations when different categories 

and sources of uncertainties are involved. In such situations, clinical data or open data generated 

by public agencies may not be adequate for efficient inference. One solution for such data-poor 

domains is game-theoretic modeling. These situations often arise in enterprise or industrial 

domains involving third-party involvement. For instance, the process of getting the best quote for 

material procurement may consist of suppliers providing a price quotation (which is often lower 

than the cost involved) after analyzing the query of an organization. Deviation from this fact may 

lead to substantial profit loss to the supplier or company. 

7.2. Planning under partial observability 

The decision-making model for any multi-agent application exhibit considers the level of 

uncertainty and risk regarding the outcome of decisions, whether they are autonomous or involve 

deliberation. Decisions with uncertain outcomes may still be effective, provided that good 

estimates of expected utility and risk are available. The applicability of this model, however, is 

limited to scenarios in which agents can acquire all relevant acknowledgment in order to 

determine the possible outcomes of their decisions. A principal decision-maker or a team of 

agents with complete knowledge can thus take decisions that are rational from a group 

perspective. Other decision-makers that do not possess all relevant information remain in a 

position of partial knowledge and are unable to cooperate for obtaining this knowledge. 

Accordingly, the following strategies, models, and algorithms have been considered. 
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Some scenarios contain aspects of decisional complexity that imply reasoning by agents – 

autonomously or cooperatively – that do not have complete knowledge of the decisional 

scenario. The necessity of planning is thus included in the problem description. The POMDP 

framework provides an abstract model for reasoning under partial observability. Its formulation 

in the case of multi-agent systems leads to an exponentially growing state space that affects the 

computational feasibility of the approaches, thereby motivating the exploration of a simpler, risk-

averse decision-making model preceding planning, instead of augmenting the existing set of 

planning algorithms capable of solving POMDPs directly. 

The design of scalable AI applications requires making planning eficient at run-time. The 

introduction of a new planning component on top of a multi-agent application implies exposing 

the high-level model of the application to a specialized user, capable of formulating high-level 

queries. The communication and deliberation overhead generated by this mechanism, even when 

reduced, may prevent its use when the multi-agent system is deployed in a real-world scenario. 

The alternative is ensuring that planning occurs actually when required. A practical solution 

consists of delegating planning to a specialized agent. In addition, the inherent limitations of the 

chosen implementation of the planning component plasticity for dealing with very large state 

spaces justify the integration of scalable decision-making models to tackle these problems at run-

time and reduce the reliance on planning.  
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8. Integration with Enterprise IT Ecosystems 

To achieve wider adoption in real-world applications, mature enterprise-centered 

decision-making agents should be capable of communicating with existing management systems 

such as Enterprise Resource Planning (ERP), Customer Relationship Management (CRM), and 

Business Process Management (BPM) workflows. These agents need to act as governable 

decision makers, capable of making choices directly supported by existing IT workflows. 

Shifting the current state of trust in AI from decision support systems toward fully autonomous 

decision makers will not only require greater accountability during AI decision making, but also 

allow organizations to clearly delineate risk and compliance responsibilities, thus enabling the 

delegation of riskier workflow decisions to AI, and allowing the instantiation of AI agents 

backed decisions in a legally-binding manner. 

The general application programming interface (API) design for both decision-making 

and supporting agents must focus on three aspects: (1) the use of a messaging platform during 

asynchronous communication, (2) the adaptability of the API as an adapter manager to 
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communicate with other proprietary platforms, and (3) the capability of orchestrating multiple 

calls and communicating with several decision agents semi-synchronously and orchestrating the 

replies back to the original caller. ERP, CRM, and BPM systems typically feature an adapter 

mechanism allowing third-party integration. The adapter manager simplifies the agent's offering, 

where no adapter exists the agent must be visible in the messaging platform, and orchestrates 

multiple calls to the decision agent(s), managing the messages back to the caller. 

Equation 3: Risk-adjusted utility 

Let: 

 𝐸𝑈(𝑎) = expected utility of action 𝑎 

 𝑅(𝑎) = quantified risk score 

 𝜆 ≥ 0 = enterprise risk-aversion coefficient 

Then define risk-adjusted utility: 

𝑈𝑟(𝑎) = 𝐸𝑈(𝑎) − 𝜆𝑅(𝑎) 

Why this form? 

Start with the idea: 

Net desirability = benefit − risk penalty 

Benefit is 𝐸𝑈(𝑎), penalty is proportional to risk, so: 

penalty = 𝜆𝑅(𝑎) 

Hence: 

𝑈𝑟(𝑎) = 𝐸𝑈(𝑎) − 𝜆𝑅(𝑎) 

Decision rule 

Choose action 𝑎∗ such that 
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𝑎∗ = argmax
𝑎
𝑈𝑟(𝑎) 

8.1. Interoperability with ERP, CRM, and BPM systems 

Multi-agent systems designed for enterprise workflow automation must interoperate with 

existing information technology ecosystems comprising Enterprise Resource Planning (ERP), 

Customer Relations Management (CRM), Business Process Management (BPM), and other 

solutions. Such multi-agent systems should either provide out-of-the-box plugs & play adapters 

for these ecosystems or support integration via standard APIs. 

Traditional ERP systems consist of different modules responsible for managing a specific 

function area of the enterprise. Multitude enterprise workflows contain human a actors such as 

the sales manager or the production manager that are already synchronized using these ERPs. If 

the relevant ERP modules have been extended using the multi-agent approach, without adding 

any new actors, these ERP systems should be a rich source of prior knowledge to support multi-

agent decision-making. A multi-agent translation layer should thus be defined to automatically, 

without human intervention, detect, recognize and act upon the events happening in the ERP 

platform. 

8.2. API design, adapters, and messaging platforms 

API design and adapter components are vital prerequisites for deploying autonomous 

multi-agent applications in real enterprise environments. Adapters are usually required to 

connect agent protocols with Enterprise Resource Planning (ERP), Customer Relationship 

Management (CRM), and Business Process Management (BPM) systems that neither support the 

agent coordination Language nor process task requests expressed in natural language (NLP)—

nonetheless, agent applications can provide significant workflow automation benefits in these 

environ- ments. Agent decisions should also integrate with messaging platforms (e.g., Slack, 

Microsoft Teams) to enable informal notifications and ad-hoc user-consultation sessions. 

Different levels of deployment maturity achieve higher levels of workflow auto- mation, and the 

agnosticism of the underlying enterprise IT ecosystem helps broaden the applicability context. 

Nevertheless, regulatory, operational, and reputational risks warrant a gradual transition strategy 

to autonomous workflow decision automation. 

Smooth cooperation between agents and enterprise systems requires proper packaging of 

APIs and protocols. An API allows easy connection with external applications written in any 

programming language. Dynamic process specification is also possible using NLP-NLU 
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capabilities. Message parsing enables agents to respond to enterprise platform messages in 

natural language, and the appropriate synthesis library selects the best-adapted response for the 

requesting user or channel. 

9. Governance, Ethics, and Compliance 

While governance issues affect all AI deployments, the complex interaction between 

multiple autonomous systems in multi-agent systems creates unique challenges. A distributed, 

bottom-up approach to decision making raises the question of overall responsibility for 

organizations. Competing agents may collide in unexpected ways, resulting in negative business 

impacts that defy accountability. Lack of clearly defined ownership can be useful for fast failure 

in exploratory processes, but it can also violate heuristics from established risk management. 

Governance in enterprise process automation is particularly sensitive. Multi-agent 

systems are employed to implement the organizations’ own procedures and automated decisions. 

Agents are tasked with making autonomous choices that must comply with the goals of the 

enterprise. Roles, such as compliance officer or risk manager, are often defined to mirror human 

functions. Policies can be applied to reaching subsystem risk profiles. In these contexts, multi-

agent systems must guarantee decision-making accountability, explanation and alignment to 

compliance regulations. 
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Fig 3: Navigating the Accountability Labyrinth: Distributed Governance and 

Organizational Responsibility in Enterprise Multi-Agent Process Automation 

9.1. Accountability and explainability of agent decisions 
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Corporate governance demands that decisions affecting the organisation—its actions, 

risks, resources, future investments, compliance with regulations, and overall performance—be 

taken by persons who are legally responsible for them. To meet this requirement, autonomous 

decision-making agents must be integrated into the existing decision governance framework of 

the organisation. This can be accomplished by having agents capable of providing decision 

justifications similar to decisions taken by humans within the enterprise. Explanatory modelling 

employs techniques to generate run-time justifications for decisions produced through learning-

based models or decision support mechanisms. For rules and other interpretable decision-support 

systems, a justification of the agent’s decision can be constructed directly based on the 

referential information. 

Although the driver of autonomous agents is independence, there is a need for direct 

human intervention for the validation of critical decisions and their overall actions. The demand 

for digital sustainability introduces another form of supervision. Sustainability policies of the 

organisation must be enforced and complied with by all business artefacts, including agents. This 

requires an AI regulation-and-policy-layer technology to define these rules and explicitly link 

them to AI and agent-based decisions and actions. To facilitate compliance, enterprise 

requirements may also need to be fulfilled on the individual agent level. For self-driving 

organisations, the agent (inter)actions must deliver desired system-wide properties and 

behaviours in terms of these requirements without subsequent human intervention. Thus, 

endorsement of local decisions by other agents and external factors can also be modelled and 

incorporated, leading to explicable decision support or a form of agent control. 

9.2. Policy enforcement and regulatory alignment 

Traditionally, Corporate Governance can be understood as a set of individuals, policies 

and practices that manage and govern the business of any enterprise. Understanding and mapping 

enterprise risk to these Corporate Governance aspects help maintain accountability and corporate 

controls, and leverage autonomy creation using decision-making under uncertainty. Traditionally 

hardware and software enterprise risk has been mapped to Corporate Governance Models. 

However, when considering enterprise risk due to infrastructure management and disruption 

there lies a requirement of risk due to enterprise business processes particularly because of 

enterprise business process decision making. Achieving Corporate Governance is therefore 

crucial from Enterprise Control during Risk due to Infrastructure Management and Disruption 

Angle and during Enterprise Business Process Discovering Frequent Patterns Errors due. 

Frequent patterns contain the EDIs adopted by an enterprise during its operations, and 
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subsequently determining the goodness of adoption of the frequent patterns promotes 

improvement in services and products in the enterprise operation area. 

Given the diversity and complexity of decision-making in an enterprise environment, 

deploying autonomous corporate governance agents to take complete responsibility for specific 

areas of corporate governance can help in enhancing policies, create decisions and 

recommendations based on historical data and sanctions established, review policies available, 

and create probable sanctions for violations attempted at different regions or branches of the 

enterprise. Another group of agents providing assistance in policy validation, decision 

forecasting risk classification, audit scheduling, checkpoint scheduling, and risk understanding, 

through their interaction with the corporate governance agents, can facilitate the process of 

Corporate Governance Maturity in the enterprise. 

10. Evaluation Methodologies and Benchmarking 

Just as the application of Autonomous Multi-Agent AI Frameworks in enterprise 

environments requires careful planning and consideration for many factors, an evaluation of their 

efficiency must encompass all necessary aspects. Research on the evaluation of autonomous 

multi-agent systems is quite nascent. Nevertheless, the defining evaluation aspects for 

autonomous multi-agent systems stem from the areas in which these systems are applied, similar 

to how neural networks used for classification, detection, and reinforcement learning tasks have 

different evaluation methods. Nevertheless, certain classes of experiments are inherent to all 

experiments using multi-agent systems. The area of application lays out the specific evaluation 

concerns and therefore can pinpoint which aspects to scrutinise. 

Evaluation metrics ought to pay close attention to scalability and security. The scalability 

aspect focuses on how the system behaves with various changes to load, be it the number of 

available agents, the number of agents in the society or the number of tasks to perform etc. 

Security on the other hand is focused on determining the systems robustness and stability under 

attack. Both focus on similar aspects but from opposite ends of the spectrum. While the former 

seeks to discover weaknesses and areas of slow-downs, the latter examines the impacts of 

exploitative attempts on the system. 

Equation 4: Risk from branch uncertainty 

A simple operational risk model for workflow automation is: 
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𝑅(𝑎) =∑𝑝𝑖

𝑛

𝑖=1

𝐼𝑖 

where: 

 𝑝𝑖 = probability of failure event 𝑖 

 𝐼𝑖 = impact of that failure 

Derivation 

For each adverse event 𝑖: 

Expected loss from event 𝑖 = 𝑝𝑖𝐼𝑖 

Add all adverse events: 

𝑅(𝑎) = 𝑝1𝐼1 + 𝑝2𝐼2 +⋯+ 𝑝𝑛𝐼𝑛 

Compactly: 

𝑅(𝑎) =∑𝑝𝑖

𝑛

𝑖=1

𝐼𝑖 

10.1. Performance metrics for scalability and reliability 

The reliability and scalability of enterprise workflow automation systems based on 

Autonomous Multi-Agent AI Frameworks depends on two distinct but interlinked aspects: (a) 

the ability of the enterprise-provided workflow settling engine or mediation agent to identify a 

reliable behavior-determining agent or multi-agent AI framework capable of satisfactory 

decision making for the present workflow instance, and (b) the past reliability of that decision-

making agent or AI framework in similar decision situations. The former aspect remains a key 

design consideration, while the latter needs to be quantitatively benchmarked using suitable 

simulation models or real-world testbeds. 

Automation of workflows in large enterprises with multifaceted, cross-domain, regional, 

and large-scale complexity often involves the computation of decision-making tasks residing at 
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those levels of complexity. The fulfillment of these high-complexity decision-making tasks—

usually characterized by uncertainty, ambiguity, and dynamic environments and often requiring 

processing of expert knowledge—is increasingly being entrusted to Artificial Intelligence (AI) 

systems. Such automation requires a high degree of scalability to accommodate a very large 

number of such tasks in different settings while ensuring reliable task fulfillment. 

 

10.2. Experimental design for multi-agent systems 

The design of experiments for evaluating multi-agent systems differs from that of 

traditional software systems. Reliability remains an important quality attribute for mission-

critical AMAS, but performance is of secondary interest. For a specific domain and a particular 

design of an AMAS, a systematic exploration of the parameter space may identify the settings 

that maximise performance within the acceptable range of reliability. However, for exploratory 

research into new domains, tasks, or AMAS designs, the primary objective is to determine 

whether the system works at all. Hence, it is important to identify test cases that challenge the 
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AMAS and explore failure modes. The core evaluation strategy is to conceptually define an 

ensemble of test cases and measure the reliability of the system across this ensemble. 

Considering fault tolerance literature, a fault is defined as any condition that causes the 

AMAS to fail to deliver an acceptable solution. A failure is an event that triggers a fault, while a 

failure condition is an occurrence causing the system to reach an unacceptable state, even if a 

subsequent action might restore solution quality. As faults arise in AMAS because of agent 

decisions rather than system components, distinguishing between internal and external faults is 

less relevant than for single-agent systems. AMAS are also more resilient to external faults 

caused by the environment—particularly the unpredictability of other agents—than to those 

originating from other agents themselves. Hence, performance degradation linked to the inability 

of agents to coordinate or negotiate to address internal faults is of primary concern. 

11. Results 

The proposed frameworks and guidelines for automated business process decision-making have 

been assessed from multiple perspectives. The combinations of architectural patterns, decision-

making methods, design considerations, and integration issues represent a maturity model; not 

every aspect needs to be implemented together or even in a single production execution, and 

successive phases of a project can apply them incrementally in parallel. The decision-making 

scalability analysis indicates that separate agents for all subprocesses that require a complex 

decision-making process may create performance bottlenecks, and processing a single decision-

making process is therefore preferable. At the same time, a risk consideration underlines that 

certain subprocesses must be managed by separate agents even in relatively small environments, 

because not allocating dedicated responsibility for those is likely to endanger the entire 
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organization. 

 

Fig 4: Maturity Model Benchmarks (High/Mid/Low) 

The evaluation has also involved a reflection on the experimental methodologies and 

validation procedures used to test, assess, and compare software solutions in the field of 

autonomous multi-agent systems. Many works focus on human-like behavior, but human-like 

emotional decision-making models based solely on the autonomous agents' internal states are 

unlikely to yield human-like outputs. Non-determinism in the agents' decision-making process is 

also a requirement for truly believable gaming experiences. 

11.1. Maturity models and phased adoption 
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Search for: Last pass 12.1 

The proposed architectural patterns allow gradual adoption of autonomous multi-agent 

systems in a business ecosystem, supporting issues such as risk management, testbed enabling 

and data sharing. ERP systems combine enterprise cloud services, IoT infrastructures, and 

predictive analytics to digitally transform businesses, enabling scalable and autonomous 

operations. Yet, total‐cost‐of‐ownership (TCO) calculations show that companies should opt for 

phase‐by‐phase digital transformation and digital servitization. Scalable enterprise‐ecosystem‐

wide process‐automating solutions featuring digital agents orchestrating business rules, 

supported by game‐theory‐and‐agent‐based‐simulation‐enabled digital twins, providing a 

simulation–sensor–actuator loop with risk‐assessment and authorisation capabilities for external 

resource‐provisioning management present a low TCO option. But experimental “living‐lab” 

systems are necessary to understand Main challenges and High‐cost solution avoiding external 

resources and comprehensive risk management. 

Maturity models represent methodologies for analysing the current state of the examined 

entity, determining the desired future state and facilitating the journey towards achieving it.Risk 

management mechanisms complete the assessment of the suitability of a Multi‐Agent System 

applied in a specific scenario and guide decisions for responsible deployment. When adopting 

complex technologies, large organisations usually experience failures. Therefore, the late‐

adoption strategy applied to other technologies should also be considered for Multi‐Agent 

Systems. 

11.2. Risk management and transition strategies 

Despite significant progress over the past two decades, research into autonomous multi-

agent systems remains largely theoretical. Researchers are now grappling with several important 

questions: How can the methods and techniques employed in largescale simulation scenarios be 

applied in real-world situations? Which systems can be built? What would be the associated 

requirements, risks, and costs? Which organisations are best placed and willing to start 

experimenting with such systems? In practice, however, most dialogue revolves around 

enterprise resource planning (ERP) software packages that already offer reasonably standardised, 

mature, scalable solutions. Risk management considerations thus favour more gradual transition 

strategies, for example, technology that supports voice-based input, is integrated with a customer 

relationship management (CRM) system, or merely automates the generation of reports. 

Nevertheless, enterprises that aspire to distinguish themselves as leaders and visionaries cannot 

afford to be too myopic. Research in various domains suggests that a more competitive scoring, 
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knowledge-creation, or delivery capability can be achieved by early adoption of intelligent and 

integrative ambassadors for the software of their choice, whether ERP, CRM, or dedicated 

industry solutions. 

Autonomous multi-agent AI frameworks can facilitate a more intelligent technology-

playbook connection, driving investments in enterprise resource planning (ERP) or customer 

relationship management (CRM) systems as well as rapid development and deployment of 

dedicated third-party tools. In a similar vein, the playbook approach to enterprise workflow 

automation advocates intelligent message-processing technologies to reason about message-

processing capability in a wide range of requirements, risks, and costs, as well as the resulting 

political and social dynamics. Researchers have developed operational prototypes as part of 

formal education for graduate students, endowed chairs, or laboratory-centre budgets, or as part 

of internal processes within a bank or insurance company, and are complemented by active 

federated orchestration-free early adopters in various other sectors, including social media and e-

commerce. 
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Equation 5: Reliability of a multi-agent workflow 

Suppose a workflow requires 𝑚 critical agent steps in sequence. 

Let: 

 𝑟𝑗 = reliability of agent-step 𝑗 

If all must succeed, system reliability is the product: 

𝑅𝑠𝑦𝑠 =∏𝑟𝑗

𝑚

𝑗=1

 

Equal-reliability special case 

If every step has same reliability 𝑟, 

𝑅𝑠𝑦𝑠 = 𝑟𝑚 

Example 

If 𝑟 = 0.98 and 𝑚 = 10, 

𝑅𝑠𝑦𝑠 = 0.9810 𝑅𝑠𝑦𝑠 ≈ 0.817 

12. Conclusion 

The research assessed the availability of Autonomous Multi-Agent AI frameworks and 

architectural patterns capable of fully automating enterprise decision processes, with a focus on 

workflow decision automation. Existing frameworks do not yet support full automation with a 

sufficient degree of reliability across a sufficiently broad range of industries, domains, processes, 

and decisions. Phased implementation of a multi-agent system is currently the preferred 

approach. Highly scalable implementations are possible; however, scaling up to many thousands 

of simultaneous agents introduces increased risk levels due to low operational maturity and the 

current inability to govern agent behavior directly or via company policies. 
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Fully automating a decision with a fully automated Autonomous Multi-Agent System 

requires guaranteed supervisory control of decision outcome and decision process, including a 

guarantee of decision quality. Full automation without supervisory control requires high 

operational maturity with respect to the use of the specific Office of the Chief Executive Officer 

or Office of the Executive Vice-President c-Suite managed process. These maturity levels are 

currently only found in very specialised, high-value managed processes such as currency trading 

at a major investment bank or market making at the bottom end of the placing process for major 

IPOs. Therefore, organisations that are keen to incorporate reasoning-based Autonomous Multi-

Agent Systems, but are not yet sufficiently mature in the underwriting of such engines can 

develop a framework, mature implementation capability, and combination of badging, risk and 

transition management controls that enable the safe introduction of small numbers of assistants 

into company processes. 
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