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Abstract

Autonomous enterprise agents designed for orchestrated decision automation across information
technology service management (ITSM), human resources service delivery (HRSD), and
customer service and support (CSS) platforms are detailed. Growing enterprise demand for
automation and decision support hinges on self-governing software agents capable of
independent task scheduling and execution, yet ITSM, HRSD, and CSS environments present
complex governance requirements that hinder the deployment of agent-based systems. Empirical
evidence points to the existence of a shared set of conditions—standardized data models and
commonplace processes, together with solutions supporting rudimentary automation—beneath
the apparent diversity of cross-domain decision workflows. An agent composition is described,
with an orchestration layer addressing scalability and risk management.

The software agents underpinning enterprise automation seek to relieve staff of routine, low-
level decisions while delivering consistent, reliable results. Orchestrated instances feature
additional layers facilitating expansive collaboration through the decomposition of complex tasks
into multiple subtasks and the admission of new capabilities via third-party extensions. Two
intertwining sets of requirements reflect the diversity of enterprise domains: the specific
conditions imposed by service management platforms—issues governing service-catalog
operations, ticket lifecycles, and incident-resolution processes—and wider concerns of privacy,
confidentiality, and data protection, which are paramount when handling employee information.

Keywords: Autonomous Enterprise Agents, Decision Automation Systems, IT Service
Management Automation, Human Resources Service Delivery, Customer Service And Support
Platforms, Agent-Based Orchestration, Self-Governing Software Agents, Cross-Domain
Decision Workflows, Standardized Data Models, Enterprise Process Automation, Orchestration
Layer Design, Scalability And Risk Management, Task Decomposition Frameworks,
Collaborative Agent Systems, Third-Party Capability Extensions, Service Catalog Operations,
Ticket Lifecycle Management, Incident Resolution Automation, Privacy And Confidentiality
Requirements, Enterprise Data Protection.
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1. Introduction

Enterprises seek to automate repetitive tasks to free people for higher-value activities.
The growing adoption of Service Management tooling enables automation of a subset of these
tasks by integrating systems across the enterprise. IT Service Management (ITSM) systems
provide a mechanism to define standardized service catalogs, lifecycle management workflows
and governance controls. Most common service requests involve provisioning of new IT
resources (laptops, accounts, cloud resources) or obtaining support for broken ones. They are
relatively similar for all organizations operating in the same industry. Therefore, decision
automation of these requests can be achieved at scale by sharing a common data model, policy
definition, decision-making body, skill requirements and audit data for all organizations. Service
categorization is the primary decision that defines the request patterns for an organization and
their planning and execution.

When these repetitive processes span multiple functional areas like 1T, HR and Customer
Support, their automation is not yet genuinely enterprise scale. Business Operation Tasks
corresponding to the Employee Lifecycle and Customer Interaction Lifecycle Management
processes exhibit high volumes of cross-domain HRSD and CSM handoffs. These connections
are often non-standard and therefore difficult to automate. Recent advances in Large Language
Models open up possibilities to redefine these processes as workflows that are rapidly
translatable into automation scripts for various tools like ServiceNow. Holistic consistency of
Service Operations can also be achieved by orchestrating autonomous enterprise agents that are
responsible for automating repetitive business operations. These autonomous enterprise agents
can operate independently and across organizational boundaries independently on behalf of
every enterprise.

1.1. Overview and Significance

Automation of Enterprise Processes with Distributed Decision Automation by
Orchestrated Autonomous Agents explores orchestration of agents that assist human decision
making in a Service Management Environment—complementing the earlier focus on enterprise
orchestration of decision automation processes, and breaking new ground on autonomous agents
that presume Enterprise models and governance. Enterprises collaborate in Service Management
Environments represented by three domains—Information Technology (ITSM: IT Service
Management), Human Resources (HRSD: Human Resource Service Delivery), and Customer
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Service (CSM: Customer Service Management). These domains encompass operational
processes centralized on service delivery, multistep task execution, and demand-response ticket
communications. Service delivery processes can lead to hybrid scenarios based on repeated,
common decision patterns spanning Process Areas. Distribution of these decision-making tasks
for automated execution by Orchestrated Autonomous Agents relieves human experts from
burden without removing them from control, enabling enterprise automation at speed and scale.
Quantified parameterization of Service Management Environment demand feeds the automation
to deliver information at speed for consumer Contact Centres using diverse messaging channels.

Unlike Enterprise Orchestration Automation, where the Enterprise is utilizing its
capabilities to automate processes and deliver services, Operational decision-making is assumed
to be conducted mainly by humans because of complexity and the dynamics of the task inputs.
Orchestrated Autonomous Agents support human decision-making by applying learned,
common, repeatable decision patterns. Such Orchestrated Autonomous Agents automate
individual tasks and manage the agent ecosystem enabling scheduling of these tasks for
execution. The knowledge and data base for the Orchestrated Autonomous Agents consists of the
Data Pools and Data Stores defined in the Service Management Environment representation,
whether Service Management Environment-based or derived from other sectors. Successful
Orchestrated Autonomous Agent execution remains limited to process areas and decision
patterns deemed suitable for autonomous execution by human experts.
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Fig 1: Orchestrating Autonomy: A Framework for Distributed Decision Automation within
Multi-Domain Service Management Environments

4|Page



) AMERICAN ADVANCED |
JOURNAL FOR EMERGING
DISCIPLINARIES

VOLUME: 04 ISSUE: 02

2. Background and Context

For external orchestrated agents to be effective, enterprise processes must be partitioned
into well-understood components. Enterprise policies, such as those found in Configuration
Management Databases (CMDBs), Knowledge Bases (KBs), and Security Policy Databases
(SPDs), must also be expressed in a form that supports machine comprehension. Enterprise IT
Service Management (ITSM) platforms and Human Resource Service Delivery (HRSD)
platforms can support employee services in a variety of ways, with orchestration facilitating the
management of end-to-end service delivery and providing employees with a single view of the
services to which they are entitled at any point in time. In addition to ITSM and HRSD,
Customer Service Management (CSM) also offers high potential for orchestration and
collaboration, especially with ITSM for Incident Management tickets and HRSD for areas such
as Employee Lifecycle Services.

Illustrative demand and automation-suitable load by domain
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While information systems are often designed for enterprise automation, enterprises often
rely on humans to make decisions during service execution. Orchestrated agents can help
transform enterprise information systems from automation-supported systems into enterprise
automation systems. Orchestrated agents can also support enterprise agent-based decision
automation by empowering autonomous agents, in contrast to simply providing automation for
autonomous agents. Processes under decision boundaries can be orchestrated into a top-down
process and end-to-end decision and automation processes can be defined to accommodate
common criteria across service delivery domains.

Equation 1: Step-by-step equations for task decomposition (DAG model)

1.1 Build a dependency graph
Let the task be T. Decompose into n subtasks:
1. Subtask set
V={12,..,n}

2. Directed edges (dependencies)
If subtask i must finish before j starts, add edge (i — j).

ECTV XV
3. DAG
G=W¢&)

1.2 Valid schedule constraints
Let s; be start time of task i, and d; its duration.
For each dependency (i — j) € &:
sj=s;+d;
2.1. Foundations of Autonomous Enterprise Agents
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The concept of autonomous enterprise agents is rooted in the theory of multi-agent
systems and is distinguished from well-known idées de recherche such as process orchestration,
Robotic Process Automation (RPA), and Artificial Intelligence. A specific type of agent
combines characteristic features of all of these trend-setting ideas and is shown to form an
effective technology for practical enterprise applications, where RPA alternatively reaches its
limits. The research is substantiated by foundational publications that characterize such
autonomous enterprise agents and provide the basis for addressable and governance-relevant
operational requirements. The concept is further substantiated in specific application domains
requiring distinct technologies for Service Management, Human Resource Service Delivery, and
Customer Service Management. Both the discovered requirements and the operational concept
based on autonomous enterprise agents serve as foundations for proof-of-concept
implementations.

The constructed autonomous-agent-based platform design automates individual decisions
and their broader supporting processes in a productive multi-agent system. Three operational
layers are instantiated: The functional decomposition of decision automation, the interaction
within dedicated agent organizations, and the orchestration of operational processes. The bottom
layer lays out practical task and workflow patterns for automating enterprise decisions. The
middle layer specifies the essential interaction patterns for specific organizational roles
supporting infrastructure decisions and holistically governing the rules used for such decisions.
The top orchestration layer describes the overall coordination of decision automation within
larger enterprise environments, fulfilling external policy requirements, and supporting both
scalability and reliability aspects.

Equation 2: Step-by-step equations for agent composition under budget—quality trade-offs

2.1 Candidate agent pool

Let A be the set of available agents (some may use LLMs, some SLMs).
For each subtask i and agent a:

® ;4 = costto have agent a do subtask i (money/time/compute)

* q;q € [0,1] = expected quality/success probability
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e t;, = expected duration

Decision variable:

X = {1 if agent a assigned to task i
“@ 10 otherwise

2.2 Assignment constraints (each task gets one agent)

ZXi,azl VieV

aceA

2.3 Budget constraint

Let total budget be B.

2, 2, caia st

i€V a€EA

2.4 Quality objective (maximize expected plan quality)

A simple (and common) objective is maximize sum of expected qualities:

max Z z qi,a xi,a

i€V a€eA

This directly implements “modeling budget and quality considerations” .

2.5 Optional: multi-objective (budget vs quality)

Sometimes you want a single scalar objective:

max E QiaXia — AE CiaXia
ia i,a

Where 4 > 0 is a trade-off weight (higher A — cheaper, lower quality mix).
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2.2. ITSM, HRSD, and CSM: Requirements for Automation

The decision-making processes and supporting data models commonly found in IT
Service Management (ITSM), Human Resource Service Delivery (HRSD), and Customer
Service Management (CSM) environments possess sufficient structure and organization to
facilitate automation that is not simply focused on executing predefined responses. Although the
identified workflows frequently lack the volume, reliability, or predictability that training-based
Al models require to approach human-like performance, they often comprise discretized
decisions that can be tackled more efficiently than with human effort.

To provide transparency and auditability, the governance of these processes tends to be
more formalized than in domains where automation relies on Al techniques. Such governance
also supports the definition of policies that can designate the decision boundaries for the
deployment of autonomous agents. Processes common to the ITSM, HRSD, and CSM domains
can therefore be broken down into a series of sub-decisions, which are stitched together into a
single execution plan that encompasses the complete task. Despite the potential complexity of
these decision flows, the significance of the sub-decisions and their relative weights can be easily
assessed and compared across agent instances. In this context, the orchestration mechanism can
stabilize these decision processes against occasional mistakes while providing guaranteed
correctness and fulfillability of the overall work.

Domain | Requests/day (illustrative) | Autonomy-suitable % | Human-in-loop %
ITSM | 1200 55.00000000000001 | 20.0
HRSD | 700 45.0 30.0
CSM 1500 50.0 25.0

Equation 3: Step-by-step equations for policy enforcement and decision bounds

3.1 Policy constraints as predicates

Let 7, (-) be policy k (privacy, approval thresholds, data-access limits).

Define a feasibility indicator:
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Feasible(r,plan) = 1_[ 1 {m; (r,plan) = true}
k

3.2 Upper/lower bounds enforcement
Example: “risk score” of plan must lie in bounds:
e Let R(plan) € [0,1]
e bounds Ry,in < R(plan) < Rpax
Rpin < R(plan) < Rpax

This encodes “preventing upper or lower decision bounds from being violated” .

3.3 Human-in-the-loop gate as a constraint
If policy requires approval when risk is high:

If R(plan) > 7, then require approval event H = 1

3. Architecture of Orchestrated Agent Systems

An orchestrated autonomous enterprise agent system comprises multiple agents
cooperating to achieve a shared objective, within predefined policies, while processing service
requests or service-related data originating from enterprise platforms or their users. Every service
category identified in the ITSM, HRSD, or CSM domain mandates agent systems providing
different agent roles and capabilities. Each agent type specializes in discrete responsibilities—
request initiation, planning, task execution, or monitoring—decomposing intricate activities into
manageable elements.

Workflow diagrams illustrate scenarios involving three dedicated service catalogs;
connections with primary platforms are shown for clarity. Artefacts spanning the agent software
deployment, interfaces with platforms or users, and associated data flows are listed. The
orchestration layer coordinates the services, synchronizing activity across smaller systems; it

10| Page



SREB
r ISSN: 3067-4100

) AMERICAN ADVANCED
JOURNAL FOR EMERGING
DISCIPLINARIES

RECEIVED: APRIL 28 REVESED: MSAY 13 ACCEPTED: MAY 21 PUBLISHED: JUNE 04

VOLUME: 04 I1SSUE: 02

implements policies transversing multiple domains and domains with higher criticality, specialty
reserves, or elevated approval criteria. Security aspects safeguard sensitive information;
mechanisms detect and recover from internal errors, service interruptions, and other operational
disruptions.

Illustrative budget-quality trade-offs for model orchestration

1.0 A
— Mostly SLM
oo d|— LLM+SLM mix
’ —— Mostly LLM

e 0.8
% 0.7
;: 0.6
)
‘:“ 0.5
8 0.4

0.3

0.2

2 a 6 8 10
Budget (normalized)
Agent role Primary output artifact

Intake/Router agent Service category + context
Planner agent Task DAG + schedule
Executor agent Task results + ticket updates
Policy/Governance agent | Approve/deny + constraints
Monitor/Recovery agent | Alerts + rollback triggers

3.1. Agent Composition and Roles
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Enterprise automation provides an opportunity to move away from the traditional model
of direct human involvement in operational tasks. Rather than delegating tasks to IT personnel,
employees can fulfill their responsibilities by directly requesting these services through a service
catalog that specifies the processes governing the tasks to be fulfilled. Some of those service
requests can be fulfilled automatically by automated decision actors that are endowed with a
partial understanding of the enterprise and its context. Their understanding is partial in that they
need not have complete knowledge of the enterprise in order to execute decisions, relying instead
on information for particular decisions that comes from other services.

The approach described here involves multiple-level orchestration among decision actors
and the ITSM, HRSD, and CSM platforms to enable scalable automation of tasks and decisions.
Processes execute inline when needed by a platform (e.g., planning an onboarding process as
part of the incident management workflow). Service requests from the enterprise for cross-
domain services, such as employee lifecycle processes or leave-of-absence requests, invoke the
planning and execution of service workflows.

@ Indirect human S :
involvment via Cichal-Conted With
‘ service catologs Partial-makers
Decision with

Cihenmen ouded

o » Automated VRSD ? ‘ . = Partial

== Decision ted with | Context
rofunting enterprise Decision
dectipred reartuniity ‘ Actors

o

e ‘ ; CSM HREX Service
; imployeed hans for
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} for entericchare for
tire outscricen horuen
dendied
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Fig 2: Multi-Level Orchestration of Partial-Knowledge Decision Actors: A Cross-Domain
Framework for Scalable Enterprise Automation

3.2. Orchestration Layer: Coordination and Policy Enforcement

The orchestration layer coordinates the activities of composed agent systems and
enforces service-level governance policies without involving the core decision-making functions
of task execution agents. Policies are implemented through a dedicated agent responsible for
analysis and cross-agent reasoning that can exploit higher-level strategic objectives or
operational constraints, enhancing enterprise decision provenance and risk mitigation by
preventing upper or lower decision bounds from being violated.

Service automation candidates are either actively or passively involved in incident
management systems, relying on an information model to automatically assess candidate service
maps and execution capacity under specific policies. Clustered incident handling by service
automation agents allows scale by managing multiple related requests as a single task, with
traditional ITSM roles acting as resource providers. Direct CSM integration facilitates human
collaboration within services or processes of connected consumers, including situations with
shared infractions across consumers serviced by different organizations. Employee-lifecycle-
related services are either provided by HR systems or orchestrated when external and internal
sessions need to be linked to facilitate support interactions during requests conveyed through
CSM channels. Access-control characteristics shape the granularity of integrated operation
modules, data mapping, and offered services depending on employees’ lifecycle and consent.

4. Decision Automation Processes

Orchestrated enterprise systems help automate enterprise decisions based on processes
that can easily be understood and adequately expressed in business terms. Decision automation is
distinct from classical process automation via information technology and represents the
expansion of an automated enterprise's automated operational processes into areas where the end
result can still be expressed and therefore formalized with a reasonable degree of certainty.
Decision automation enables an enterprise to make timely, transparent, and repeatable decisions
based on the conditions revealed by integrated data, in contrast to traditional human decision-
making processes that tend to operate in silos and thereby can introduce biases detrimental to the
enterprise’'s success.
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The key components of decision automation are the decomposition of a task or decision
into a series of sub-tasks or dependencies, the planning and scheduling of the decision using a
standard library of decisions, the validation against express business constraints, the execution of
the decision, and the accessibility to a proven and auditable operational provenance. For any
enterprise, including IT service management (ITSM), human resource service delivery (HRSD),
and customer service management (CSM), the decision automation processes allow decisions to
be made at the appropriate boundaries, thereby enabling improved efficiency and scalability.

4.1. Task Decomposition and Planning

Effective automation of complex tasks typically involves decomposing them into sub-
tasks, assigning responsibility to (possibly different) agents, and producing a detailed plan of
actions together with their execution schedule. For enterprise-scale task automation, the set of
composing agents is selected on a per-run basis, dynamically determined by modeling budget
and quality considerations. Task composition, together with the production of a detailed plan and
schedule, is then the focus of the orchestration layer.

The rules for a standardized orchestration layer specify which responsibilities need to be
covered when composing agents for the execution of particular tasks, as well as possible budget
and quality trade-offs. An orchestrated agent system then implements these rules and combines
output from different agents in the background to generate a cohesive view of the mission, which
is used to setup the necessary decision automation flows. The definition of composing agents is
aligned with the standard service catalog from which it derives all necessary inputs, ensuring a
seamless operational integration between direct human interactions and those executed in the
background. This integration results in a smooth and unobtrusive operation of the autonomous
agents coordinating the enterprise decision automation process.

5. Interaction with ITSM, HRSD, and CSM Platforms

Increased decision automation requires integration and interaction with ITSM, HRSD,
and CSM platforms. Consider touchpoints in service catalogs, incident management workflows,
ticket lifecycles, employee lifecycle services, HR workflows, and cross-domain handoffs.

Service catalogs expose automation capabilities to employees and facilitate touchpoints
to incrementally resolve cross-domain incidents without human intervention. The catalogs map
to enterprise service catalogs and include automated incident management workflows that create
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system-level tickets on behalf of employees. Cross-domain inquiries and transactions trigger
automated human-in-the-loop decision processes that satisfy authorization, privacy, and
compliance requirements. Result modifications require transparent approval during human-in-
the-loop processing.

Integrations with ITSM, HRSD, and CSM platforms allow orchestration of employee
lifecycle services like onboarding, offboarding, and promotion while spanning common
touchpoints like parental and medical leaves. Automated handling of common employee
lifecycle services shifts resources toward complex, uncommon requests. Authorized cross-
platform data access informs enterprise HR domain workflows for PTO, promotion, parental,
and other enterprise services or agreements. Access controls on private data and team
memberships further mitigate risk and align processing with privacy governance.

5.1. Service Catalogs and Incident Management

Service catalogs, supported by catalogs of standard services, applications, and components,
provide a framework for managing service requests and incidents. By mapping these processes to
an orchestrated agent system, automation opportunities can be identified. Service catalogs
describe the services offered by an organization to the employees, customers, or partners.
Employees use the catalog of the internal IT department to raise requests for standard services
such as a new laptop or the provisioning of an application. External customers use the catalog of
the customer service operations to raise service requests such as a request for credit card
replacement or the raising of an incident. The customer service platform maps a request to an
applicable service line or incident management workflow. An orchestrated agent autonomously
controls standard requests from service catalogs that are well understood with deterministic
compute requirements and clear objectives.

Some employee lifecycle services cross Human Resource Service Delivery and IT
Service Management domains, requiring cooperation across teams to fulfill requests. Such cross-
team dependencies are commonly managed by HRSD platforms. An orchestrated agent identifies
the operation from the service catalog, orchestrates the decision-making process across various
domains, triggers the required workflows in HRSD and ITSM platforms, and monitors progress
until the task is completed. Employees are kept updated on the service request status using the
appropriate communication channels. The orchestrated agent manages such services according to
internal privacy policies, helps in compliance requirements of industries such as financial
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services, and ensures the service request is completed only when all relevant nodes are provided.
Privacy policies ensure that elements such as source account details remain hidden and are not
provided in the same operation to avoid any malicious usage.

Service Catalog

Internal IT External
Custome Customer—x—
(‘ Service (]]))

Orchercated
Agent System

Status Updates

Orcheercated Con O,c?,ee?zﬁgn & & Complancs

Agent System Workflow Triggering C

Cross-Domain Services

Privacy/Compliance

"""" % @

HRSD Platform ITSM Platform <
Sacure Data Handling

Task Completion Monitoring
o3

Fig 3: Autonomous Governance of Cross-Domain Service Catalogues: Orchestrating
Agent-Driven Compliance and Life-Cycle Fulfillment

5.2. Employee Lifecycle Services and HR Workflows

Autonomous agents in enterprise settings must support end-to-end management of
scenarios involving human employees in their capacity as employees. HR subdomains must
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therefore have supply and demand sides, with a governance framework ensuring that agents
cannot act in violation of privacy, compliance, and other policies. These requirements lead to the
construction of an HR service catalogue that is governed by an enterprise privacy policy defining
which data about an employee whose employee lifecycle is being managed a system actor is
allowed to access.

An operationalisation of the Employee lifecycle service and the ENTERPRISE-AGENT
orchestrating the management of Employee lifecycle processes in an ITSM context confirms that
a full range of Decision Automated Tasks extending across Demand Planning, Supply Planning,
Demand Fulfillment Task Management and Execution, and actually typical for employee
lifecycle processes can be modelled. These processes include Employee Onboarding, Employee
Position Change, Employee Offboarding, Contractor Engagement and Offboarding. Furthermore,
the automation of ITSM processes to date, while including processes involving external
customers, has focused on the resolution of tickets initiated by internal customers requesting IT
services.

6. Challenges and Risk Mitigation

Decision automation using orchestrated enterprise agents introduces risks that must be
carefully managed to ensure reliable, trusted, and secure operation. The success of intelligent
assistants hinges on availability, performance, transparency, and explainability. Automated
actions must not only be consistent with established governance policies but should also be
understandable by the stakeholders impacted by them. If the decision-making processes are
perceived as unpredictable, the trust placed in the end-to-end automation of cross-domain
processes may suffer.

A multi-step validation procedure helps mitigate the risks arising from automated
decisions. To achieve a reliable and trustworthy composition, automated decisions should be
subjected to reasoning validation, process simulation, user feedback collection, and process
execution in non-production environments. Meaningful metrics need to be established to assess
the reliability of orchestration, and detection mechanisms should be developed for particular
categories of failure, such as security policy violations, possible biases in machine learning
models, or lack of completeness in the domain knowledge. Documentation of validation results
and an adequate governance model are also required. Finally, a framework for real-time
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monitoring is necessary, covering all aspects of risk that cannot be completely addressed through
the validation pipeline.

6.1. Reliability, Transparency, and Explainability

Service catalogs in IT service management serve as central repositories for service
definitions, configurations, and interfaces. Automation nodes connect and integrate into service
catalogs via custom or standard connectors. Each connected ticketing service is modeled with the
relevant catalog information, providing the contextual references that automate decision-
evaluation and task-execution processes. Ticket lifecycles within any incident-management
workflow are enhanced with specialized automation steps that read the ticket context, generate
task sets, and invoke ticket-status changes based on the inferred completion status.

Where employee-lifecycle services exist, privacy and compliance settings determine
which HR and IT products are applicable. When new employee lifecycles are created, flows
connect to the HRSD product team as the source. When any onboarding Flow is marked
completed, it triggers a cross-domain handover, setting HRSD to be the source and ITSM as the
target. All handover data are securely passed, with any required data transformations, auto-
generated request tickets in the target domain, and status-monitoring tasks created.

7. Conclusion

Efforts to evolve enterprise applications towards independence from user interaction and
decision Calvinization processes have produced considerable results in making the operation of
such applications and systems like ITSM, HRSD, and CSM configurable. It has been
demonstrated that systems can manage highly repetitive incident record generation or service
request creation processes independently and autonomously. These efforts covered a significant
area of the enterprise towards becoming an Autonomous Enterprise. Specifically, it has been
shown that ITSM platforms detect and create automation for a large amount of incident
management workflows. More frequent services carried out by the HRSD product lines are
largely reduced for their HR teams through the management of employee life-cycles and
employee-life-cycle-related requests. Standard service requests defined by HRSD platforms can
now be potentially fulfilled by those systems directly, with more complex workflows and new
types of requests passed across to HR teams.
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Illustrative bar diagram: relative contributions of validation stages
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Equation 4: Step-by-step equations for reliability + the validation pipeline

4.1 Stage-wise failure reduction model
Let baseline failure probability be p,.

Let each stage k reduce remaining failure probability by factor (1 — «y,), where a; € [0,1] is
effectiveness.

After stage 1:

p1 = po(1—ay)
After stage 2:
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P2 =p1(1—az) =pe(1 —a)(1 —ay)
After K stages:

K
Pk = Po 1_[(1 —ay)
k=1

4.2 Orchestration reliability metric (example)

Over N requests, define:

#failed requests
N

Reliability = 1 —

Further steps are required to build Autonomous Enterprises. The foundation to take the
next steps forward consists of Digital Agents, Intelligent Agents, and Autonomous Agents.
Research on risk evaluation and other Trust Factors, in particular for bias detection, and their
automated supervision along with practical and concise validation and certification mechanisms,
allows for a more scalable market growth of Digital Agents, Intelligent Agents, and Autonomous
Agents in general. Efforts to integrate these earlier-autonomous primitives on a new
orchestration layer, through simple APIs and specible Trigger Bus patterns associated with the
individual interacting primitives, will increase Trust in these Engines, offer Al results that better
fulfil user demand, and allow to Bijective integrate information and /BIl-Proces refine and
increase the resulting Train Set / Decision Quality Accuracy.
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Functional Impact across Enterprise Product Lines

94.2%
89.5%
85.9%

80
)
I
-
[
A
o
(W)
U 60
>
o)
©
o
3
(v
)
<
S
o0
8]
-~
>
(o)
Q
>
w

20 1

0 - -
ITSM Incident HRSD Life-cycie CSM Service Workflow Decision Quality User Demand
Detection Management Fuifillment Orchestration Accuracy Fulfillment

Fig 4: Functional Impact across Enterprise Product Lines

7.1. Key Takeaways and Future Directions

Group decision automation exposes several challenges. Reliability becomes critical to
prevent cascading failures through the process. Transparent explanation of the decisions made
can build user confidence and help identify weaknesses in the decision process. The objective is
not to eliminate human discretion entirely but to avoid time and cost inefficiency resulting from
incapacity or insufficient knowledge. Consequently, each automated decision should provide
reasons for its logic, clear explanations of its recommendations, and opening for manual rollback
procedure.
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The proposed approach is a first step into this direction. Current implementation focuses
on operational deployment and performance improvement. Future work will involve extending
the framework with new application domains, integrating data sources supporting the decision
process, enhancing robustness of the decision evaluation, refinement, and confirmation,
alleviating the reliance on orchestration in tracking the flow of data and execution, and
strengthening support for incident management to allow automatic rollback of decisions.
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