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I. INTRODUCTION  
 

The modern corporation functions in a world defined 

by increasing speed of decisions, rising amounts of 

data, and escalating regulation. The conventional  

 

enterprise resource planning software and business 

process management software, though effective in 

supporting structured processes, lack flexibility in 

dealing with unclear scenarios, unstructured data, 

and cross-team collaboration needs. The advent of 
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agentic artificial intelligence – software that is able 

to perceive the environment, reason on goals and 

perform actions under limited autonomy – is a 

breakthrough technology for achieving operational 

intelligence. 

 

Agentic AI technology is radically different from 

existing automation technologies. In contrast to 

rule-based systems that perform predefined logic, 

agentic systems perform iterative reasoning, possess 

persistent memory, employ tools and coordinate 

with other agents in order to solve complex tasks [1]. 

Large language models form a computational 

foundation for natural language comprehension, 

context-aware reasoning and adaptive response 

generation [10]. 

 

But the potential benefits of agentic enterprise 

systems face a trust gap challenge. Although there 

have been quite a number of experiments, studies 

suggesting that a considerable number of 

enterprises have already embarked on agentic AI 

pilots relatively few succeed in deploying them into 

production [5]. The problem is not one of 

technology, but governance: how do you give 

autonomy to autonomous systems without being 

accountable for the results? How do you manage 

them in such a way as to avoid bottlenecks while still 

maintaining control of critical decisions [2]? We need 

solutions from architecture, not just governance 

policies. 

 

We solve the above problems in this paper through 

the following three key contributions. First, we 

present a five-layer agentic AI system architecture 

that allows separation between perception, 

reasoning, orchestration, execution, and 

governance. Second, we develop a decision routing 

algorithm that is driven by confidence and 

guarantees proportionate involvement of people 

based on statistical confidence measures [7]. Third, 

we experimentally validate our approach on practical 

enterprise workflow scenarios [9]. 

 

The rest of this paper is structured as follows. 

Literature review analyzes previous research on 

agents, enterprise autonomy, and governance. 

Methodology describes the architecture of the 

proposed approach, the routing of decisions and 

implementation issues. Analysis provides results and 

evaluation of the method. Conclusion provides 

summary and suggestions for further research. 

 

II. LITERATURE SURVEY 
 

Agentic AI theory is grounded on the distributed 

artificial intelligence, autonomous agents and multi-

agent systems theories which flourished during the 

'90s and '00s. In their landmark paper, Wooldridge 

and Jennings provide the standard definition of an 

agent as "a system with the capacity to act 

autonomously in an environment, with reactivity, 

proactivity, and sociability as key properties." While 

these properties have remained true, current agentic 

applications rely on large language models as the 

reasoning component, facilitating natural language 

interaction and dynamic goal interpretation [10]. 

 

Current developments continue to bring agentic 

theory closer to practice within the enterprise 

environment. A recent study by Wang et al. [1] 

introduced a survey of agentic autonomous agents 

utilizing large language models as the reasoning 

mechanism. The classification proposed by the 

authors includes modules for profiling, memory, 

planning and action. The importance of persistent 

memory and iterative planning in the successful 

execution of tasks is emphasized by Wang et al. [1]. 

As far as the enterprise sector is concerned, Kumaran 

et al. [2] analyzed the necessary requirements of 

autonomous decision-making in business process 

management, concluding that traceability, 

compliance, and reversibility are some non-

negotiable constraints. This approach emphasizes 

the idea that architecture of autonomy should take 

into account governance as the primary factor 

instead of implementing it as an add-on after 

implementation. This opinion correlates well with 

empirical evidence concerning agent-based AI 

implementation, where the lack of governance often 

leads to failures of piloting to production [5]. 

 

Collaboration of multiple agents became the main 

design pattern. For example, Qian et al. [3] proposed 

the design of ChatDev, which is a multi-agent system 

designed for software development and proved that 
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the division of roles and communication protocols 

allow carrying out complicated collaborative tasks. 

Moreover, Li et al. [4] have created MetaGPT, which 

includes standard operating procedures for agent 

tasks, minimizing coordination costs and ensuring 

high-quality results. Similarly, Wu et al. [8] developed 

AutoGen, enabling next-gen LLM applications via 

multi-agent conversation frameworks. 

 

There have been many discussions regarding 

governance and safety for agentic systems. Shavit et 

al. [5] presented practices for developing responsible 

agentic AIs, focusing on interpretability, 

controllability, and alignment. They suggest that 

agentic systems should function within specified 

limits and that there should be mechanisms for 

escalation when the decision is uncertain or of high 

risk. Human-in-the-loop practices have been 

advanced by Amershi et al. [6] and subsequently by 

Horvitz's [7] principles for mixed initiative, which 

provide guidance for confidence-based routing 

techniques. 

 

Notwithstanding these advancements, there are still 

certain gaps that need to be filled. The first is that 

agentic systems are usually assessed on 

benchmarked tasks [9] but not on actual enterprise 

workflows that have certain governance constraints. 

The second is that confidence calibration and 

routing thresholds are seldom formalized, thus, 

resulting in ad hoc human-in-the-loop practices [7]. 

The third is that there are no comparative studies of 

agentic systems, making it hard for practitioners to 

choose suitable architectural designs according to 

their governance maturity. 

 

III. PROPOSED METHODOLOGY 
 

Framework Architecture Overview 

The architecture of the proposed Agentic AI 

Framework for Autonomous Decision Making (AAF-

ADM) will be made up of five layers that will act as 

building blocks of an architectural design that is 

meant to decouple concerns, support modular 

development, and facilitate governance auditing 

independently. The five layers include Perception 

Layer, Reasoning Layer, Orchestration Layer, 

Execution Layer, and Governance Layer. 

 
Figure 1: Five-Layer Architecture of the Proposed 

Agentic AI Framework 

 

The Perception Layer consumes diverse inputs such 

as structured enterprise data, unstructured text, user 

queries, and system telemetry. It transforms the 

inputs into their canonical forms and detects 

important features which will be used for reasoning 

later on. The Reasoning Layer uses large language 

models with domain-specific retrieval and tool usage 

abilities to understand the goal, formulating plans 

and assessing alternatives. The Orchestration Layer 

deals with agent responsibilities, task 

decomposition, coordination between agents, and 

resolving conflicts. The Execution Layer interacts with 

enterprise systems using API calls, robotic process 

automation, and human processes. The Governance 

Layer ensures compliance with policies, keeps log of 

decisions, sets confidence thresholds, and forwards 

decisions to humans where necessary. 

 

Agent Roles and Specialization 

Under the layers of Reasoning and Orchestration, the 

architecture defines different roles that the agents 

have. The Planner Agent breaks down higher-level 

goals into actionable tasks. The Retriever Agent 

searches the knowledge bases and decision history 

of an enterprise. The Analyst Agent does quantitative 

analysis of alternative actions. The Executor Agent 

connects with the external systems. The Critic Agent 
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checks the proposed actions in terms of policy 

adherence and consistency. The Coordinator Agent 

assigns tasks to agents. 

 

This allows for reduced cognitive burden on the 

agents and targeted development. This facilitates 

governance as well because the actions performed 

by the agents are recorded along with their roles. 

 

Confidence-Driven Decision Routing 

One of the core aspects of the framework is the 

confidence-based routing system, where each 

suggestion put forward by the Reasoning Layer 

comes with a corresponding confidence level 

obtained from the log-probabilities of models used, 

retrieval consistency, and outcome alignment. The 

following routing policy is implemented by the 

Governance Layer: 

 Unattended Execution: Decisions with a high 

confidence level are executed unattendedly. 

 Human Supervised Execution: Decisions with 

medium confidence levels are executed but 

reviewed later. 

 Human Approval Required: Decisions with a 

low confidence level are deferred to be 

approved by a human overseer. 

 Escalation: Decisions in regulated areas or with 

significant financial consequences are escalated 

irrespective of their confidence levels. 

 

 
Figure 2: Confidence-Driven Decision Routing Flow 

 

Thresholds are not static; they are calibrated 

periodically using historical performance data. This 

ensures that as agents demonstrate reliability in 

specific domains, they earn greater autonomy, and 

when performance degrades, oversight is tightened. 

 

Governance and Auditability 

The Governance Layer holds an immutable log for 

decisioning, which documents inputs, rationale, 

confidence scores, routes, and results. The use of this 

log enables compliance, investigation, and 

continuous improvement processes. Policy 

enforcement is performed via a rule engine that 

checks the action to be undertaken against the 

organization’s policies, regulatory requirements, and 

ethical considerations. 

 

The system is agnostic to models and can be used 

with commercially available as well as open-source 

LLMs. The deployment can be done on-premises or 

even in a hybrid-cloud environment. Integration with 

other enterprise systems is done through standard 

APIs and messaging queues. The modular design 

enables organizations to start using the layers one at 

a time, beginning with perception and reasoning 

augmentation. 

 

IV. ANALYSIS 
 

Experimental Setup 

The proposed framework was tested using a 

simulated enterprise setting that consists of 

workflows related to procurement, IT services 

management, and customer onboarding. The 

performance was compared based on metrics like 

workflow downtime, reallocation efficiency, 

autonomous task completion rate, compliance with 

governance policies, and mean time to resolution 

using a rule-based automation system and a large 

language model with no governance. 

 
Figure 3: Workflow Downtime Across Systems 

 

The framework resulted in significantly less 

downtime in workflows than the rule-based one, 
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mostly because the agents were able to reason 

about exceptions and take remedial action without 

human intervention. While the single-agent system 

too led to less downtime, it had greater variation 

because of inconsistency in reasoning. 

 

 
Figure 4: Task Reallocation Efficiency 

 

The efficiency in task reallocation was significantly 

enhanced by the Orchestration Layer owing to the 

possibility to allocate tasks according to the available 

agents' expertise and confidence levels. This was 

especially apparent when there was a high load of 

work when the rule-based and single-agent systems 

became overloaded. 

 

 
Figure 5: Autonomous Completion and Governance 

Compliance Trade-off 

 

The autonomous completion of the framework 

became possible due to the confidence-driven 

routing protocol that made it possible for the 

framework to complete itself autonomously without 

violating the principles of governance. 

 
Figure 6: Mean Time to Resolution by Decision 

Category 

 

Comparative Analysis 

 

Table 1: Comparative Analysis of Agentic AI Frameworks

Framework Architecture Governance 
Confidence 

Routing 

Enterprise 

Focus 

Key 

Limitation 

ChatDev 
Multi-agent, 

role-based 
Minimal 

Not 

formalized 

Software 

development 

Limited 

governance 

MetaGPT 
SOP-encoded 

multi-agent 
Moderate 

Not 

formalized 

Software 

development 

Narrow 

domain 

AutoGen 
Conversational 

multi-agent 
Minimal Manual General 

Weak 

auditability 
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Framework Architecture Governance 
Confidence 

Routing 

Enterprise 

Focus 

Key 

Limitation 

AgentBench 
Benchmark 

suite 
N/A N/A Evaluation 

Not a 

framework 

Proposed 

AAF-ADM 

Five-layer, 

modular 
Integrated Formalized 

Enterprise 

workflows 

Requires 

calibration 

It can be noticed from the comparative study that 

the current frameworks are effective in multi-agent 

cooperation but lack integrated governance and 

confidence routing. The suggested framework 

overcomes the shortcomings of the current models, 

although there is a need for frequent tuning of 

confidence thresholds. 

 

Discussion 

The findings lead to the following conclusions. First, 

architectural modularity is important because it 

allows for governance and execution to evolve 

independently and be audited independently. 

Second, confidence-based routing works because it 

allows for gradual autonomy without losing 

compliance. Third, enterprise autonomy is a 

continuum because enterprises can apply the 

architecture incrementally, gaining autonomy 

through trust-building. 

 

The limitations of the work include reliance on the 

quality of large language models, the possibility of 

calibration drift, and the difficulty of integrating the 

architecture into legacy systems. The future work 

direction could include automatic calibration, 

exchange of policies between enterprises, and 

resilience to adversarial inputs. 

 

V. CONCLUSION 
 

In this paper, an agentic AI model for autonomous 

decision making in intelligent enterprise systems has 

been presented. In doing so, the longstanding 

conflict between autonomy and accountability has 

been highlighted. This proposed framework has 

been constructed with five interconnected layers 

including perception, reasoning, orchestration, 

execution, and governance. With such a structure, 

organizations can entrust some autonomy to 

autonomous agents while maintaining their capacity 

to review, control, and change course when 

necessary. Confidence-driven routing is one of the 

most important contributions that has been made 

through this framework, as it has provided 

conditions for autonomous decision making, 

supervision after decisions, approval from humans, 

and escalation of decisions to specialized entities. 

 

The validation of this approach through 

experimentation indicated that the proposed 

architecture offers significant advancements from 

the perspective of rule-based automation and 

single-agent large language model architectures. 

Downtime during workflow processes was 

significantly decreased, efficiency of task reallocation 

was increased in all types of workloads, and 

autonomy of operation was achieved without any 

violation of governance compliance requirements. 

This brings about significant implications for practice 

and theory. In terms of practice, it means that there 

is no tradeoff between efficiency and governance, 

which implies that an appropriate agentic system 

may provide both. From the theoretical perspective, 

it is an affirmation that governance should be a 

fundamental architectural concern and not merely a 

policy concern. 

 

The comparative analysis indicated that while the 

existing architectures demonstrate innovation in 

multi-agent cooperation and task decomposition, 

they lack governance and confidence routing 

features. It could be one of the reasons why 

enterprise pilots of agentic systems cannot move 

from the pilot phase to the production phase. 

Deploying agentic systems without a proper 
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governance infrastructure is a risky strategy for any 

organization from the point of view of regulatory 

and accountability issues as well as unpredictability 

of performance. 

 

Limitations also exist. Firstly, the framework relies on 

the accuracy and fine-tuning of the underlying large 

language models, whereby poor model performance 

is linked with decision reliability. Secondly, 

confidence threshold calibration requires historical 

data that may not always be available when the 

framework is applied in different deployment 

environments. Integration of the proposed 

framework with existing enterprise systems will lead 

to latency and added complexity, which might offset 

the efficiency benefits. Lastly, the evaluation of the 

proposed framework was done under simulated 

workflows while real-life deployment would be 

subject to messier data and varying conditions. 

 

Future work should take several directions. 

Mechanisms that can automatically calibrate the 

confidence thresholds can make the proposed 

framework able to adapt to different conditions. 

Adversarial robustness of the framework is an 

important research area that needs to be 

investigated due to manipulation of agents by 

prompt injection and data poisoning. Cross-

organizational governance frameworks will allow 

companies to leverage the templates developed by 

other organizations to implement the policy within 

their own enterprises. Longitudinal study on the 

deployment of the framework in production could 

help in understanding how the levels of autonomy 

change over time. 

 

Finally, the move to agentic enterprise systems is 

more than a mere technological upgrade. In fact, it 

involves a transformation in the organization as a 

whole, which entails thinking differently about 

accountability mechanisms, oversight processes, and 

building human-AI cooperation skills. The model put 

forward in this paper provides a way out—a way that 

accepts autonomy but does not give up 

responsibility, where governance is seen not as an 

obstacle to innovation, but as its cornerstone. 

Enterprises that adopt this model will be better 

equipped to benefit from the efficiency of agentic AI 

systems and maintain trust at the same time. 
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