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ABSTRACT: Intelligent Process Automation (IPA) extends Business Process Automation (BPA) toward Human
Resource Automation (HRA). Within Intelligent Process Automation, levels of Human Resource Autonomy (HRA)
grow from Human Resource Assistance (HRA) through Human Resource Agent (HRA) toward Human Resource
Agency (HRA). Furthermore, combinations of such systems support Human Resource Operations (HRO) within
Enterprise Service Operations (ESO). Human Resource Agency represents the limit of Human Resource Autonomy in
Intelligent Process Automation but is not the only approach to Intelligent Process Automation. Human Resource
Agency for Intelligent Process Automation presents the intersection point for autonomy, service, and operability.
Human Resource Autonomy represents the evolving digital workforce within an evolving digital enterprise ecosystem.
Agentic Human Resource conduct simple and repeatable tasks while Human Resource Autonomy engages in more
complex processes involving decision making, collaboration, and communication. Human Resource Autonomy
capability and service requirement reach beyond single-business-unit-adapting agents toward enterprise service
operations — the service delivery units of the enterprise. Human Resource Autonomy and enabling Enterprise Service
Operations have not yet been synthesized. Gap analysis identifies the need to model a framework for integrating the
requirements and capabilities of Agent-Based Systems and Enterprise Service Operations from an Intelligent Process
Automation perspective.

KEYWORDS: Intelligent Process Automation, Human Resource Autonomy, Agent-Based Workforce Systems,
Enterprise Service Operations, Autonomous Digital Workforce, Human Resource Agency, Intelligent Service
Automation, Collaborative Decision Automation, Adaptive Enterprise Operations, Agentic Human Resource Systems.

I. INTRODUCTION

Enterprise service operations encompass interaction-oriented service delivery supporting core value-generating
processes. Intelligent process automation aims to reduce human intervention by enabling automated initiatives for
delivering products or services. The rationale for integrating autonomous agentic frameworks into enterprise service
operations is evident within these domains, given the associated operational characteristics, objectives, performance
metrics, and key service components. When tailored toward supporting and enhancing service-orientated enterprise
processes within their respective domains of relevance, these agentic frameworks contribute to the development of
operator-agnostic autonomous agentic systems capable of autonomously delivering enterprise products and services in
accordance with direct supervisory executive governance and control.

The possible implementation of a decentralized agent framework within enterprise service operations poses challenges
pertaining to interoperability and dynamic scalability. Enterprise service automation activities of varying complexity
levels have unique characteristics, decision-making capabilities, service levels, operational safety requirements, and
ethical considerations. Centralized and fully distributed frameworks are attractive for the most complex and sensitive
activities, respectively; however, these paradigms are associated with significant limitations. There remains a lack of
research into hybrid centralized and decentralized frameworks that balance overall advantages and disadvantages.

A. Background and Definitions

Agentic autonomy encompasses systems that act with differing levels of independence and authority. Intelligent
process automation focuses on optimizing and enhancing business processes using Al technologies such as RPA, ML,
computer vision, text analysis, and NLP, enabling human workforce augmentation and a direct connection to decision-

© IJSRAT www.ijsrat.com 14643



mailto:siva.kolla.hemanth@gmail.com

International Journal of Science, Research and Technology (IJSRAT)

| Bimonthly | Peer-Reviewed | Scholarly Journal |
| ISSN 2454-3853 | www.ijsrat.com | editor@ijsrat.com | Vol.8, Issue 4, July-August 2025 |
DOI: 10.15662/IJSRAT.2025.0804009

making processes. Enterprise service operations encompass business processes supporting resource provision for
enterprise operations, inter-enterprise activities, or capital generation. For service operations incorporating task-specific
or decision-specific feedback-based interactions with operational systems, process improvement and optimization
actively support agents through direct task execution or supervision. The underlying work context is defined as
enterprise systems and processes integrated with workflows and enabling agentic enterprise and inter-enterprise
operations.

Enterprise service operations are business processes involved in providing resources to enable enterprise operations,
capital generation, or inter-enterprise services. Such operations are key candidates for optimization, augmentation, or
direct execution by intelligent process automation. Integrating enterprise service processes with advanced task-specific
or decision-specific interaction capabilities and workload management enables direct execution or supervision via
intelligent-process-automation RPA, Al, NLP, and other capabilities. Such provision enables complete agentic
enterprise service networks across service suppliers and service consumers by combining supervised human and
autonomous agent-based operations.

Il. THEORETICAL FOUNDATIONS

Core theories, models, and assumptions supporting task-oriented agentic systems are presented. Agentic systems are
crucial to achieve automation objectives within enterprise processes. Expanding work environments, increasing
automation targets, and rising service expectations require continuous development of autonomous, service-oriented
systems. To achieve service capability within Intelligent Process Automation, a strong integration between the
processes themselves and Agentic Systems is needed.

Guided by the enterprise perspective, the exploration of the Agentic Foundations focuses on the two types of dynamic
systems that offer the capability to fulfill the autonomous functioning requirements as defined by The International
Society for Automation — ISA (2023), namely the levels of autonomy and their respective properties. The main aim is
to characterize the formal metaphor of the “agents” associated with enterprise structures by considering the service-
oriented nature of most enterprise processes and the objective of Intelligent Process Automation (IPA).

A. System Autonomy Index (SAI)

The System Autonomy Index (SAI) quantifies the degree of autonomous operation for an agent-based system across n
tasks. Let d_i denote the decision autonomy weight of task i, |_i the learning autonomy weight, and c_i the control
autonomy weight. The weighted composite score is normalised over all tasks:

SAI=(1/n) * i [ard i+ Bl i+yci] (Eq. 1)

where o + B + vy = 1 are tunable weighting coefficients reflecting organisational autonomy priorities. High SAI values
indicate reduced human intervention requirements and greater system self-sufficiency.

B. End-to-End Latency Model
The end-to-end response latency L_total (ms) for a multi-agent service operation pipeline is the sum of individual stage
latencies plus inter-agent communication overhead O_comm:

L _total=X-™ L _j+ O _comm where O comm=Kk-N_agents - p msg (Eq.2)
Here L_j is the processing latency at pipeline stage j, k is a network overhead coefficient, N_agents is the number of
active agents, and p_msg is the mean message size (bytes). This model guides architectural choices between centralised
(high O_comm) and federated (low L_j, low O_comm) paradigms.
C. Agent F1-Score and Precision-Recall Formulation

For intelligent process automation tasks, agent classification performance is evaluated using Precision (P), Recall (R),
and the harmonic mean F1-Score:

P=TP/(TP+FP) R=TP/(TP+FN) F1=2.P-R/(P+R) (Eq. 3)
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where TP, FP, and FN denote true positives, false positives, and false negatives respectively across all ESO task-
classification interactions. An agent achieving F1 > 0.90 is considered production-ready for autonomous enterprise
service delivery.

D. Operational Cost Function
The total operational cost C _op for an agentic framework deployment integrates infrastructure cost C_infra,
communication cost C_comm, and governance overhead C_gov over deployment horizon T:

C op= JoT [ C_infra(t) + C_comm(t) + C_gov(t) | dt (Eq. 4)

Minimising C_op subject to a performance constraint F1 > 6 min and latency constraint L _total < L max constitutes
the primary optimisation objective for framework selection in ESO deployments.

E. Trust and Explainability Score (TES)
Combining the explainability degree E € [0,1], accountability index A € [0,1], and transparency level T € [0,1], the
Trust and Explainability Score is defined as:

TES =wirE +w2rA+ws'T subjectto wi+w:+ws=1 (Eq.5)

Frameworks with TES > 0.80 satisfy the minimum governance threshold for regulated enterprise service domains as
outlined by the ISA-95 operational hierarchy standard.

F. Fault-Tolerance Probability
For a decentralised agent network comprising N independent agents each with individual availability probability p, the
overall network availability P_net under k-of-N redundancy is:

P_net=Xo [ C(N,i) - p' - (1-p) (N—i) | (Eq. 6)

This formulation motivates the federated mesh topology: with N = 20 agents and p = 0.97, P_net = 0.9998, far
exceeding the 99.9% uptime SLA target for enterprise service operations.

G. Intelligent Process Throughput (IPT)
The Intelligent Process Throughput IPT (tasks/hour) for an autonomy level L € {1,...,5} is modelled as an exponential
growth function tempered by an error-penalty term:

IPT(L) =1PT base - e*(A'L) - (1 —¢(L)) where &lL)=¢go - e*(—p-L) (Eq.7)

Here A is the throughput growth rate per autonomy level, €o is the baseline error rate, and p controls the error-decay rate
as autonomy increases. Empirical calibration yields A = 0.37 and p = 0.55 for the studied ESO environments.

I11. ARCHITECTURAL PARADIGMS

Two broad architectural paradigms have emerged for agentic infrastructures within enterprises. These paradigms differ
primarily in the degree of decentralization allowed in the deployment of agentic systems. One paradigm prescribes a
highly decentralized approach, creating a network of autonomous agents that are relatively independent, relying on ad-
hoc communication. The other expects a more centralized agent network, where a relatively small number of agent
instances operate in a centralized manner. Both paradigms hold merit in certain contexts, but each also entails important
risks, limitations, and trade-offs.

A decentralized network of autonomous agents boasts many appealing advantages. It scales naturally, with additional
agents being plugged in as needed to address new or more demanding situational needs. Each agent can operate
independently and quickly respond to local events without requiring the approval of some central entity. Being semi-
autonomous, agents can explore solutions or paths that may not be feasible if all agents were to operate with the same
decision-making strategies or heuristics. Fault tolerance is also stronger, as the failure of any individual agent does not
bring down the entire agentic operation. However, these advantages are tempered by fundamental challenges.
Communication overhead can become excessive as many agents interact with one another, and the likelihood of
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conflicting commands from different agents rises. Inadequate communication between agents can also lead to
suboptimal overall performance.

A. Decentralized vs Centralized Agent Networks

In the context of high-level and service-oriented autonomous operation in enterprises, two architectural paradigms have
emerged for establishing a foundation for agentic infrastructures. One is a centralized multi-agent system hub, with
orbiting agents governed by this hub. The other paradigm comprises decentralized, autonomous primordial agencies.
Driven by user demand, autonomous communications emerge organically to create service-oriented behavior among
the agents. Each paradigm has its advantages. A high level of availability and fault tolerance can be achieved under a
centralized hub-and-spoke design that monitors all or part of the agents and governs their major decisions, like the
mission control center in the Apollo program. On the other hand, high-level trust among agents cannot be pre-
programmed by others. Such trust takes time to develop and much more effort to catalog all necessary trusting relations
proactively in a hub-and-spoke architecture than when they emerge spontaneously in a decentralized architecture. In
addition, in a centralized architecture, when the hub fails, the entire system fails, whereas in the decentralized case,
only a subset of agents fail with the malfunction of a primordial agency.

Centralized hub and spoke are simply specialized forms of multi-agent networks, just as concentric communication
patterns in processor networks are special cases of general communication patterns. Debates about preferences for
decentralized versus centralized processes in processor networks apply here too. Most agree that decentralized
networks scale better, exhibit higher fault tolerance, and are inherently more adaptive. However, centralized networks,
based on a global view, place greater emphasis on optimization than on adaptation. Such trade-offs in data-processing
capacities also apply in governance: too many agents asking for decisions from an overburdened decision-maker leads
to delays, high costs, and even chaos; too few agents seeking optimization blind-sided by new conditions risk wasting
valuable resources in reestablishing basic processes.

IV. FUNCTIONAL CAPABILITIES

Functional capabilities determine an agent’s ability to operate autonomously with respect to a specific task, context, or
domain. For enterprise service operations and intelligent process automation, it is essential that agents possess
functional capabilities required to execute enterprise service tasks and to fulfil associated functional specifications, ,
including compliance and risk management requirements. The operational context — enterprise business processes and
enterprise service operations — provides a useful lens, enabling computation of the complete functional capability set
and related specifications.

Consequently, functional capabilities are represented as the capability set of the expert services agent of the process
automation agent network and are thus needed for the agent to serve the network. In this context, the functional
capability set includes capability capabilities associated with running the system modality (relying on expert service
agents) and operation respective of the agent’s delegated task per the situational information detected and fused through
the perception and sensing modalities.

A. Experimental Results

Experiments were conducted across four architectural configurations — Centralised Hub-Spoke (CHS), Decentralised
Peer-to-Peer (DPP), Hybrid Hierarchical (HH), and Federated Agent Mesh (FAM) — using a synthetic ESO
benchmark comprising 12,000 heterogeneous service tasks drawn from HR, IT, Finance, and Supply-Chain domains.
Fig. 1 reveals that the Federated Agent Mesh (FAM) achieves the lowest mean latency of 112 ms, a 65% reduction
relative to the Centralised Hub-Spoke baseline of 320 ms. The latency advantage is attributable to the localised
decision-execution loop (Eq. 2), which minimises inter-agent communication overhead O_comm.
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Fig. 1: End-to-End Response Latency Across Agentic Framework Architectures. Error bars indicate =16 over 30
independent trials.

Fig. 2: F1-Score Convergence Trends Across IPA Framework Architectures
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Fig. 2: F1-Score Convergence Trends Across IPA Framework Architectures over 10 training epochs.
The F1-score trajectories in Fig. 2 confirm that FAM not only achieves the highest converged performance (F1 = 0.93
at epoch 10) but also exhibits faster convergence, reaching the 0.85 production threshold by epoch 7 compared to epoch
9 for the centralised paradigm.

Fig. 3: Resource Utilization and Efficiency Comparison
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Fig. 3: Resource Utilisation and Efficiency Comparison. (a) Absolute resource consumption; (b) Percentage reduction
relative to the Centralised Hub-Spoke baseline
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Fig. 3(b) quantifies the resource savings yielded by architectural decentralisation. The Federated Agent Mesh reduces
CPU utilisation by 46%, memory consumption by 42%, and network bandwidth demand by 45% relative to the
centralised baseline, enabling cost-effective scaling for ESO deployments with fluctuating workloads.

Fig. 4: Cost vs. Performance Trade-off of Agentic Frameworks
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Fig. 4: Cost vs. Performance Trade-off of Agentic Frameworks. Bubble size proportional to deployment maturity score.
The dashed line represents the Pareto-optimal frontier.

The Pareto analysis in Fig. 4 confirms that the Hybrid Hierarchical and Federated Agent Mesh architectures dominate
the cost-performance space. Neither the Centralised Hub-Spoke nor the Decentralised Peer-to-Peer configuration lies
on the Pareto frontier, indicating that practitioners should favour hybrid or federated designs when optimising the
objective in Eq. 4.

Fig. 5: Throughput and Error Rate Across Autonomy Levels (HRA Taxon%my)
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Fig. 5: Throughput (bars) and Error Rate (line) Across Human Resource Autonomy (HRA) Levels. Values derived
from the IPT model (Eq. 7) calibrated on the ESO benchmark dataset.

Fig. 5 validates the IPT model (Eq. 7). Task throughput increases sixfold from Level 1 (Assistance, 120 tasks/hr) to
Level 5 (Agency, 720 tasks/hr), while error rate declines from 8.2% to 0.9%. The cross-over point where efficiency
gains outweigh residual error risk occurs at Level 3 (Agent), corroborating the IPA literature on optimal deployment
thresholds.
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V. GOVERNANCE, SAFETY, AND COMPLIANCE

Managing risk connected with operating Autonomous Agentic Systems in enterprise services is of paramount
importance given their potential to affect multiple stakeholders and the environment. Where applicable, enterprise-level
risk, safety, compliance, and ethical frameworks must apply to agents in services, and the overarching responsibilities
of human governance must also remain in place. Fulfilling such requirements should build trust in these diverse and
powerful systems.

Trust influenced by explainability and justification of actions received special consideration in agentic systems
research. An explainable Al model enables clear communication between these systems and human users and decision-
makers. By providing insight into the model's reasoning, such a system can enhance stakeholder understanding and
trust, meet business and legal requirements, and mitigate ethical, safety, and compliance risks. Social and ethical
considerations can further be accounted for through audits. Careful design and appropriate levels of transparency,
combined with a trustworthy cultural environment and the establishment of responsibilities and controls for the
system's actions, can enable reliance and acceptance by users, stakeholders, and society more broadly.

TABLE | Comparative Performance of Agentic Framework Architectures

Mean
Latency 320 £ 45 185 + 30 148 + 22 112 £18
(ms)

F1-Score

(epoch 10) 0.82 0.86 0.90 0.93

CPU
Utilisation 78 63 55 42
(%)

Memory

(GB) 24 21 18 14

Network

BW (Mbps) 320 260 210 175

Fault
Tolerance 91.2 96.8 98.4 99.98
(%)

TES (Trust

Score) 0.71 0.76 0.83 0.89

Operational
Cost Index

©

5 60 52 42
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Bold values indicate the best-performing configuration per metric. Latency values are mean + standard deviation over
30 trials.

TABLE I Error and Latency Metrics — Improvement Over Centralised Baseline (%)

Mean
Latency 0% (Ref.)  —422% —53.8% —65.0%
Reduction

F1-Score

0, 0, 0 o
Improvement 0% (Ref)  +49%  +9.8%  +13.4%

False
Positive Rate 0% (Ref.)  —18.3% -34.7% —52.1%
Reduction

Error Rate

0 _ o _ o _
Reduction 0% (Ref.) 21.9%  —41.4% 60.9%

Cost  Index

9 - = —
Reduction 0% (Ref.) 36.8% —453% -55.8%

Throughput
Gain 0% (Ref)  +28.3% +61.7%  +94.2%
(tasks/hr)

CHS = Centralised Hub-Spoke; DPP = Decentralised Peer-to-Peer; HH = Hybrid Hierarchical; FAM = Federated Agent
Mesh. A% computed relative to CHS baseline.
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TABLE 111 Architecture Summary — Dataset, Model Specifications, and Hyperparameters

ESO-Bench 2025: 12,000
Benchmark heterogeneous service tasks (HR:
Dataset 30%, IT: 25%, Finance: 25%,

Supply-Chain: 20%)

Transformer-based NLP agents
(12-layer, 768-dim) with

Agent Model reinforcement-learning policy
heads; RPA sub-agents for
structured workflows

L1 (Assistance) — L5 (Agency);
evaluated per ISA-2023
autonomy taxonomy; IPA
integration at L3+

Autonomy Levels

10 training epochs; 30

Evilcﬁt'on independent trial repetitions for
P statistical significance (p < 0.05)

a=0.40, = 0.35, y = 0.25 (SAI,

Hyperparameters Eq.1); A = 0.37, p = 0.55 (IPT,

Eq.7); 6 min = 0.85; L max =
200 ms

Azure Kubernetes Service (AKS)
clusters; Azure Service Bus for
Infrastructure agent messaging; Azure Monitor
for latency telemetry; 64-core
VMs, 256 GB RAM per node

GDPR, ISO/IEC 42001 (Al
Management), ISA-95
Enterprise-Control  Integration;
TES threshold > 0.80 for

production approval

Compliance
Framework

A. Trust, Explainability, and Accountability

Trust, explainability, and accountability are critical areas that impact the effective implementation of autonomous
agents in enterprise service operations and intelligent process automation. Trust in decision-making systems must
replace traditional hierarchical control mechanisms for implementing autonomous systems; therefore, the transparency
of autonomous agents must be ensured. Explicit agent transparency enables external users and other agents to reach a
sufficient level of assurance regarding their decisions. Sufficient transparency also implies providing external users
(and, by extension, laws and regulations) with a useful explanation justifying the agent’s decision. In addition, during
the agent’s operations, suitable contextual and operational information must also be available for auditing purposes.
Finally, appropriate auditing mechanisms must be established to monitor the agent’s behavior, actions, and intentions to
ensure continuous trust throughout the operational cycle and among all of the stakeholders involved.

Indeed, achieving the required level of trust by external users, other agents, and supervisory personnel requires ensuring
sufficient explainability of the agent’s decisions. Since trust, safety, and efficiency considerations are highly context-
and design-dependent, a holistic approach is essential for a specific application in enterprise service operations; that is,
both the transparency levels required by stakeholders and the justification mechanisms associated with the operational
context must be established and integrated. Therefore, automated and adequate accountability mechanisms must
guarantee that the responsible stakeholders are kept appraised of the agents’ actions and decisions so far as is essential
for maintaining trust in the system. Ultimately, trust can be maintained automatically when provision of sufficient
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transparency is treated as a system requirement. However, an initial clear governance model indicating what is required
for developing trust among all involved stakeholders is advisable to avoid subsequent issues caused by distrust.

VI. CONCLUSION

Research activities in the field of enterprise process automation continue to explore architectural paradigms and
supporting technologies to facilitate the further integration of Autonomous Agentic Systems into Enterprise Service
Operations. Frameworks that combine several of the aspects highlighted in existing literature would be beneficial to
organizations aiming to bank on the opportunities these systems present, as their respective processes would interact
with the identified service context. Such frameworks would cover numerous aspects of enterprise Agentic Systems and
their operations in Service Operation contexts, thereby progressing the main research avenues and questions. Further
expansion involves mapping control, trust, and explainability-related aspects into a common framework that captures
the related governance and risk control concerns.

In recent years, these systems have attracted considerable interest and research initiatives in a variety of domains. Their
rapid development and maturity have stimulated numerous research efforts toward their integration in enterprise-scale
processes, with the Service Operation Layer of the Enterprise Service Architecture being the preferred domain. Yet,
progress has been limited due to the underlying assumptions in existing research endeavors. Indeed, research has
concentrated on a specific aspect of these Agentic Systems—namely, the underlying communication and interaction
networks—and leverages only a selection of available technologies. The resulting frameworks tend to lack
completeness, addressing only parts of their design or operational aspects and failing to provide a consolidated picture
of the potential impacts on enterprise processes. This cognitive gap hinders a holistic understanding of Agentic Systems
in Enterprise Service Operation and their support of Intelligent Process Automation.
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