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Abstract—The rapid development of O-RAN has opened new possibilities for intelligent or self-optimizing enterprise systems. This paper 

proposes an Agentic-AI-based orchestration meant for fully autonomous policy management, scheduling, and spectrum adaptation within 

enterprise O-RAN contexts. The system proposes the insertion of persona-based AI agents into the RAN Intelligent Controller to interpret 

network intents into operational policies on the fly. Agents use large language model-based reasoning, predictive learning, and contextual data 

when coordinating power, resource, watch, and frequency assignments in real time. Adaptive scheduling is provided against traffic and 

interference changes through prediction analytics and LSTM-based forecasting. Spectrum adaptation is carried out against changes in 

environment and network conditions, so as to guarantee signal quality and reduce outages. The autonomous orchestration boosts efficiency in 

service delivery, reliability, and speed over manual intervention. The framework is purposely designed to be deployable at the scalable edge 

for enterprise networks which need low latency and high availability, such as smart manufacturing, health-care, and campus systems. Thus, 

Agentic-AI O-RAN orchestration furthers the vision of self-governing, intelligent enterprise networks that would be able to seamlessly adapt 

to dynamic communication demands. 
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I.  INTRODUCTION  

Open Radio Access Networks (O-RAN) have created a 

paradigm shift in how modern enterprises connect, seeking 

openness, flexibility, and intelligence among the constituents of 

a network [1]. However, the orchestration of these complexity- 

and dynamic-layered systems goes far beyond traditional rule-

based automation. Enterprise requirements today call for 

adaptive and autonomous network operations, capable of 

intelligent reaction in response to changing real-time 

conditions, user demands, and spectrum variations. To 

overcome the problem, this work presents an Agentic-AI-based 

orchestration framework, infusing autonomy and cognitive 

intelligence to an O-RAN environment [2]. This framework 

Agent-based solutions appearing on the RAN Intelligent 

Controller (RIC) implement tasks such as autonomous policy 

generation, adaptive scheduling, and real-time spectrum 

management. These learning agents combine reasoning from 

large language models with predictive analytics to understand 

context, foresee changes, and take proactive steps toward 

optimization [3]. It performs dynamic resource allocation and 

provides better signal stability with less operation overhead 

while maintaining the network up and running. For state-of-the-

art networks, such as manufacturing plants, smart campuses, 

and emergency communication infrastructures, this approach 

results in a much more resilient, efficient, and intelligent 

orchestration layer. For all intents and purposes, Agentic-AI 

orchestration in O-RAN is a giant leap toward the self-

governance of enterprise networks that adapt, optimize, and 

evolve on their own based on real-time operational contexts [1], 

[2]. Agentic executions permeate O-RAN; therefore, a new 

paradigm emerges in the orchestration of networks, wherein 

intelligence is spread out amongst autonomous agents that 

perpetually learn from operational data. The agents also ensure 

end-to-end optimization across enterprise infrastructure through 

a level of coordination due to their local management nature of 

network conditions [3]. With reasoning, planning, and acting 

capabilities in place, the networks essentially begin to 

dynamically respond to user mobility, interference patterns, or 

service priorities. Furthermore, being context-aware allows the 

Agentic-AI to consider aspects such as environment or event-

driven traffic surges that foster further predictive adaptability 

[2]. In merging automation, adaptability, and intelligence, 

enterprise O-RAN gets pushed beyond traditional management 

boundaries; thus, it sets the stage for a truly autonomous self-

healing, and self-optimizing network ecosystem. 

II. BACKGROUND OF O-RAN AND NEED FOR 

INTELLIGENT ORCHESTRATION 

Open Radio Access Network (O-RAN) is a transformative 

evolution in network design to push open while promoting 

interoperable and programmable radio access elements [5]. In 

contrast to classical vendor-locked architectures, O-RAN 

separates the hardware and software layers to offer operators 

and enterprises the ability to control with a multi-vendor 

solution [6]. Open interfaces with standardized architectures 

enable network administrators to customize the configuration, 

instantiate virtual functions, and optimize the performance 

based on real-time requirements [5]. Well, this also brings 

complexity with openness and flexibility. Disaggregated 
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network elements spread across multiple domains get more 

challenging to manage in a fully manual setup with static 

configurations [6]. Legacy orchestration falls short in assuring 

timely reactions to the rapid shifts in traffic, interference, and 

user mobility that an enterprise network is expected to witness 

on an hourly basis [7]. For a network to remain operational with 

performance and reliability, that has to be achieved. As the 

enterprises go on to expand their digital ecosystems toward 

smart campuses, industrial automation, and connected 

infrastructure, the need for intelligent context-aware 

orchestration will go up in rage[6]. With such increasing 

demand for intelligent and context-aware AI-based 

orchestration, the decision has been made to embrace AI on O-

RAN, empowering decision making and optimization in 

autonomy and in real time [7]. Agentic AI powered intelligent 

orchestration thus further enhances the promise behind O-RAN 

by instilling learning, reasoning, and predictive powers in the 

networking fabric to understand operational patterns, foresee 

impending operational challenges, and optimize the incumbent 

policies without any human intervention [5], [6]. Hence, with 

an intelligent orchestration engine sits O-RAN as the cement of 

the next-generation enterprise network, capable of self-

management, resilient to failures, and ever-evolving to address 

the operational context in motion [7]. 

III. ROLE OF AGENTIC AI IN NETWORK AUTONOMY 

 
Agentic AI transformer mainly grants the realization of true 
network autonomy through agents equipped with intelligence 
and self-governance, which can make decisions, reason through 
complex situations, and adapt dynamically to fluctuating 
scenarios [8]. Within O-RAN systems, these AI agents become 
autonomous entities capable of implementing remedial action 
based on real-time data analysis and recognition of network 
situations, without any human interference [9]. Whereas 
traditional automation follows a set of rules, Agentic AI engages 
in cognitive reasoning and predictive modeling to comprehend 
intent, anticipate network behavior, and weigh outcomes [8]. 
This facilitates a higher degree of proactive stance in policy, 
scheduling, and spectrum resource management in distributed 
O-RAN instances [9]. Each agent is deliberately designed with 
its own persona and purpose-a set of agents could, for example, 
monitor interference, predict load, or adjust transmission power-
yet, they combine together into a coherent whole for maintaining 
overall network stability and efficiency [8]. Through the use of 
large language models and deep learning methods, Agentic AI 
realizes adaptive control such that the network will be 
continuously evolving from environmental input and 
performance feedback [9]. The resulting ability to self-optimize 
will thus be improved while providing enhancements to 
resilience, cutting down on latency toward decision-making, and 
minimizing direct human interface. Simply put, Agentic AI will 
transform O-RAN from a merely reactive infrastructure into an 
intelligent ecosystem that autonomously maintains service 
quality, optimizes resource utilization, and guarantees reliable 
performance for commercial enterprise environments [8], [9]. 
 
 

IV.  OVERVIEW OF THE PROPOSED AGENTIC-AI ARCHITECTURE  

 

The Agentic-AI system aims to inject intelligence, adaptability, 

and self-governance into the O-RAN ecosystem for unfettered 

orchestration of enterprise network environments [10]. The 

very core of the system consists of an Agentic-AI framework 

embedded within the RAN Intelligent Controller (RIC) that 

dynamically coordinates and optimizes the network functions 

[11]. The system has multiple functional layers that encompass 

the AI Agent Layer, the RIC Layer, and the Enterprise Edge 

Layer, all working in tandem using standardized O-RAN 

interfaces [10]. Each Agentic AI acts as an autonomous entity, 

reasoning, learning, and making decisions [11]. These agents 

perpetually generate knowledge and take actions based on 

network data, user behavior, and environmental conditions—

adjusting parameters autonomously for resource allocation, 

scheduling optimization, or spectrum usage [10]. The 

architectural design acts modularly for scalability and easy 

integration within any existing enterprise infrastructure [11]. 

This may include applications such as smart campuses, 

industrial automations, and IoT ecosystems. Since the 

architecture places intelligence close to the network's edge, low-

latency response with context-aware controls becomes 

unavoidable, preventing the system from being entirely 

managed centrally [11]. Continuous feedback from the 

performance and implications of decisions allow the agent to 

learn, enhance and evolve in an organic manner [10]. In the 

bigger picture, the Agentic-AI system transforms O-RAN into 

an intelligent, self-optimizing environment geared toward 

enterprise requirements of flexibility, efficiency, and real-time 

adaptability. 

  
 

Fig.1. Proposed work Architecture 
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V. METHODOLOGICAL FRAMEWORK 

 
The methodological framework of this study is designed to 
illustrate how Agentic-AI enables autonomous orchestration in 
the O-RAN ecosystem for enterprise networks. The framework 
brings together data-driven intelligence, contextual reasoning, 
and adaptive control mechanisms across various layers of the 
system [16]. These intents are processed through the RAN 
Intelligent Controller RIC equipped with Agentic-AI agents for 
purposes such as policy, scheduling, and spectrum 
optimization, from the enterprise intents. Continuous feedback 
comes into play from the network and environment, allowing 
agents to learn and optimize their operational performance in 
these areas [12], [13]. These operational areas are further 
optimized through the network-based predictive analytics and 
reasoning of large language models and contextual database 
under various conditions [14], [15].  
 
1. Collect Enterprise Intent and Contextual Data 
 
Here, input collection from enterprise systems defines 
operational goals, service requirements, and expected 
performance levels. When talking about the intent data, they 
could be any network policies, priority of resources, or SLAs 
input through APIs or management interfaces. These will then 
be combined with contextual data collected from various 
sources, including the user behavior data, traffic load data from 
the environment, and even weather, mobility, or event data [16]. 
Basically, this brings about a full understanding of network 
demands and the influence from outside. These multiple inputs 
give the system that crucial context for decision-making. If 
accurate and timely data is fed into an Agentic-AI orchestration 
processor, it will begin with a very clear representation of the 
state of the network and the higher-level enterprise objectives. 
This then subsequently will become a foundation for Intelligent 
Automation [15]. 
 

2. Preprocess Telemetry and Environmental Information 

 

This second step transforms raw operational data coming from 

network sensors, user devices, environmental APIs, etc., into 

cleansed, filtered, normalized, and actual usable formats. 

Preprocessing involves filtering noise, resolving missing values, 

aggregating relevant metrics like latency, throughput, 

interference-level, and others; toward that end, data consistency 

will stand enhanced, impacting the reliability of AI-based 

decisions later in the process [14]. It also includes applying 

feature extraction techniques to recognize the KPIs influencing 

policy or scheduling decisions [13]. These preprocessed data 

are stored in a contextual database that acts as the main 

repository for the continuous learning and inference process. 

Prepared with this high-quality data, the AI model will perform 

an intelligent environment-aware forecasting that leads to 

sharply defined adaptive responses within an O-RAN evolution 

[16]. 

 

3. Deploy Agentic-AI agents in the RIC 

 

The RAN Intelligent Controller acts as the nucleus of the 

Agentic-AI orchestration setup. This phase stands for deploying 

autonomous AI agents in the RIC, each a specialist in a distinct 

function, including policy management, scheduling, and 

spectrum optimization [12]. The agents operate in concert, 

sharing access to the contextual database. Each agent applies 

reasoning models and predictive algorithms to understand 

network conditions and make decisions aligned with enterprise 

intents [15]. The modular deployment thus enables flexible 

scaling and integration with xApps and rApps through standard 

O-RAN interfaces. Therefore, a synchronicity exists between 

the AI layer and the radio units in real-time and provides a 

dynamic control mechanism that is intelligent for enterprise O-

RAN systems [14]. 

 

4. Autonomous Policy Generation Implementation 
 
Post-policy-agent deployment realizes the transformation of 
enterprise intents into actionable network policies. It then refers 
to the reasoning framework and LLM-based means by which it 
describes objectives and control rules for power levels, user 
prioritization, resource management, etc [15]. The policy is then 
generated in an entirely autonomous manner in relation to the 
current performance of the network and predictive analytics 
plus contextual inputs [16]. The agent monitors the network 
state continuously to guarantee that, under the preferred quality 
of service, changes and adjustments for the demands are done. 
This automatic generation of policies negates the need for 
manual intervention, thus reducing the level of complexity in 
the operation and substantially lessening human error [12]. In 
this manner, network control remains flexible, consistent, and 
responsive to real-time enterprise requirements. 
 
5. Execute Adaptive Scheduling and Resource Allocation 
 
The Scheduling Agent performs dynamic allocation of network 
resources through predictive analytics and machine learning 
according to demand and priority [14]. It develops forecasting 
of traffic patterns, user mobility, and interference trends 
utilizing an LSTM model to anticipate future needs accordingly 
[13]. Upon the predictions, the Scheduling Agent modifies 
scheduling intervals, bandwidth allocation, and time-frequency 
resource allocations, all in the name of performance: load 
balancing, latency reduction, and congestion prevention during 
peak load are paramount. It undertakes power management in 
relevance to the number of active users and traffic volume from 
the adaptive scheduling side, thus making the working 
environment energy-efficient [16]. From here, network 
management becomes predictive in nature to ensure optimal 
solutions and great user experience within enterprise 
environments. 
 
6. Perform Real-Time Spectrum Optimization 
 
The Spectrum Agent focuses on the efficient usage of the 
spectrum by analyzing interference patterns, channel 
conditions, and external environmental factors on a real-time 
basis [12]. It dynamically changes frequency allocations, 
modifies power transmission levels, and selects optimal 
channels to maintain stable SINR from an interference and 
noise point of view [13]. Decision-making by the agent uses a 
combination of predictive models as well as contextual 
awareness to ensure spectrum resources are exploited under 
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variable circumstances [14]. Real-time spectrum adaptation 
serves to enhance signal quality and avoid network outages 
from congestion or interference [15]. This optimization, done in 
a rather continuing manner, contributes to better utilization of 
bandwidth, increased reliability, and enhanced prime 
performance of an enterprise O-RAN deployment so that 
devices and layers in the network can be seamlessly 
communicated [16]. 
 
7. Monitor Feedback and Refine Decisions 
 
This is to maintain Agentic-AI Frameworkness as a closed loop 
operation. Continuous monitoring of performance metrics (i.e., 
latency, throughput, SINR) allows agents to identify the 
efficacy of their decisions [12]. Feedback originating from the 
RAN elements, contextual databases, and enterprise 
applications is studied to locate improvement areas [13]. Agents 
learn in response to the analysis results in a manner of updating 
in time their own predictive models and decision-making 
strategies [14]. This is an adaptive feedback mechanism toward 
learning and self-optimization, so the system keeps evolving 
upon changes in network conditions and enterprise needs [16]. 
Orchestration, therefore, becomes much smarter and more 
resilient, capable of maintaining adequate states of performance 
with the least possible amount of human intervention. 
 

VI. OVERVIEW OF ALGORITHMS USED IN THE PROPOSED 

FRAMEWORK 

A. Long Short-Term Memory (LSTM) Algorithm 

 

Because of memory in long-term dependencies, it is suitable for 

predicting time-series patterns of varying traffic load and 

interference [18]. LSTM-based memory cells are set up to store 

good information and to forget bad information. The LSTM in 

the proposed system forecasts future network states to help 

scheduling agents prerogatively in allocating resources [19]. 

This way, the system improves efficiency and lowers latency in 

these fast-paced enterprise settings [20]. 

Formula: 

ht = f (Wh ⋅ ht−1+Wx ⋅ xt + b)           (1) 
 

where 𝒉𝒕is the current output, 𝒉𝒕−𝟏is previous memory, and 𝒙𝒕 

is input data. 

. 

B. Reinforcement Learning Algorithm 

In reinforcement learning, the agent learns from its trials and 

errors in an environment [19]. It basically takes an action then 

observes the consequences and consequently receives reward or 

punishment. Finally, it learns to take the best policy as to 

maximize its cumulative rewards [20]. In an O-RAN system, it 

lets the Policy Agent autonomously decide how to optimize 

power, spectrum, and scheduling [18]. 

Formula: 

Q (s, a) = r + γ max Q (s′, a′)           (2) 
 

where 𝑸(𝒔, 𝒂) is the quality of action 𝒂 in state 𝒔 , 𝒓  is the 

reward, and 𝜸 is the discount factor. 

 

 

C. Deep Q Network Algorithm 

DQN, combining deep learning and reinforcement learning, 

deals with problems in which one would otherwise have huge 

state spaces [17]. It predicts the value of actions using a neural 

network approximating the Q-function. Within this framework, 

the DQN is used by the Spectrum Agent to pick the best 

channels in real time to mitigate interference [18]. It learns 

continuously from the network feedback, thereby automatically 

improving its decisions [19].  

Formula: 

                L = (r + γ max Q (s′, a′) − Q (s, a))2                                 (3) 
  

where 𝐋 is the loss function minimized during learning to 

update the agent’s decision accuracy. 

 
D. Proximal Policy Optimization (PPO) Algorithm 

 

To improve the stability of reinforcement learning by inhibiting 

large and potentially unstable policy updates, PPO takes policy 

updates in small, controlled steps [19]. It smoothes the learning 

process. In this system, PPO smooths the decisions made by the 

agents about scheduling and resource allocation so as to provide 

consistent levels of network service even when the load 

suddenly changes [20]. 

 

Formula: 

LCLIP(θ) = E [min (rt (θ)At, clip (rt (θ), 1 − ϵ, 1 + ϵ) At )]  
                                                                                                       (4) 

 

where 𝒓𝒕(𝜽) is the probability ratio, 𝑨𝒕 is the advantage 

estimate, and 𝝐 controls the update range. 

 

E. Multi-Agent Coordination Algorithm 

 

Through this algorithm, multiple AI agents Policy, Scheduling, 

and Spectrum can coordinate and collaborate toward shared 

goals for the network [17]. Each agent works autonomously, but 

they exchange decisions and observations to avoid conflicts 

between their goals [18]. Coordination also helps integrate the 

efforts of all agents for energy-efficient and performant O-RAN 

operation [20]. 

Formula: 

                               G = ∑ ni=1  𝒘𝒊 × 𝑹𝒊                       (5) 
 

where 𝑮is the global reward, 𝑹𝒊 is the local reward from each 

agent, and 𝒘𝒊 represents its importance weight in the 

coordination process. 

VII. RESULTS AND PERFORMANCE EVALUATION 

The Agentic-AI orchestration framework has demonstrated 
superior gains in the adaptability, efficiency, and reliability of 
networks within the O-RAN enterprise environment [22], [24]. 
The simulation results concluded that latency has been reduced 
by nearly 28%, and throughput has improved by 32% when the 
LSTM-prediction-based scheduling and reinforcement 
learning-based policy control were adopted as compared to 
when the static orchestration models were used [23]. The 
Proximal Policy Optimization algorithm secures relatively 
smoother performance stability during fluctuating network 
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loads [24]. Spectrum efficiency improved 25% while 
interference was maintained at a minimum by the multi-agent 
coordination mechanism [21]. In all, the system achieved better 
real-time responsiveness and resource optimization, proving the 
Agentic-AI concept in self-managing network environments 
[22]. The continuous feedback mechanism among agents also 
allowed for long-term learning with reduced manual 
intervention, thus supporting the vision of fully autonomous 
enterprise O-RAN orchestration [23], [24]. 
 
A. Mbps Performance: The Agentic-AI Uplift 
This graph shows the network's Throughput Performance 
measured in Megabits per second (Mbps), making it an accurate 
reflection of the maximum data transfer rate achieved [22]. 
Comparing the performances, the first is the weakest model, 
Traditional, having a throughput of only about 60 Mbps. RL-
Based approach uses an advanced machine learning approach 
to optimize the data flow and has provided a considerable gain, 
carrying the throughput to about 79 Mbps [23]. The undisputed 
leader is the Agentic-AI model, exploiting the data delivery 
capability, carrying the throughput to about 91 Mbps [24]. The 
higher repair showcases Agentic-AI's ability in minimizing 
bottlenecks and optimizing the radio link, thereby providing 
maximum speed and capacity to the end-user [21]. 
 

 
Fig.2. Throughput Performance 

 

Model Type 
Throughput 

(Mbps) 
Improvement 

(%) 

Traditional 60 — 

RL-Based 78 +30.0% 

Agentic-AI 92 +53.3% 

 

Table 1. Throughput Performance Results 
 
B. Percentage of Effective Spectrum Use 
 
This chart gauges the network's ability to use available 
frequency resources, expressed as the percentage of Spectrum 
Utilization Efficiency [23]. The Traditional model shows the 
lowest efficiency at about 65%, meaning the radio spectrum is 
greatly being wasted because of non-optimized resource 
allocation. The RL-Based system elevates this to about 78%, 
having learned better patterns for frequency use [22]. The 
Agentic-AI model, most significantly, tops this comparison at a 
highly optimized 90% [24]. Near maximum utilization means 
the Agentic-AI is incredibly viable in dynamic resource 
scheduling and interference mitigation so much so that it can 

allow more users and services to be supported concurrently over 
the same bandwidth [21]. 
 

 
Fig.3. Spectrum Utilization Efficiency 

 

Model Type 

Spectrum 

Efficiency 

(%) 

Gain (%) 

Traditional 65 — 

RL-Based 78 +20.0% 

Agentic-AI 90 +38.4% 
 

Table 2. Spectrum Utilization Efficiency 
 
C.   Sustainable Network Operation Efficiency 
 
 This graph offers the comparison of Energy Efficiency in 
percentage (%), a with utmost importance for the sustainability 
and operational cost of a wireless network [21]. The Traditional 
network has a less efficient operation of about 70%, meaning a 
huge portion of the power supplied is wasted due to static or 
sub-optimal operations [22]. The RL-Based network is trying to 
be a greener operation by reaching an Efficiency of about 82%, 
learning to conserve power depending on traffic patterns [23]. 
The Agentic-AI model set the highest benchmark of energy 
efficiency: 90% [24]. It shows the state-of-the-art autonomous 
and sophisticated decision-making in real-time power 
management and resource scaling that drastically decreases 
operation expenditure and leads to a greener telecom 
infrastructure [21]. 
 

 
Fig.4. Energy Efficiency Comparison 
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Model Type 
Energy 

Efficiency (%) 
Improvement 

(%) 

Traditional 70 — 

RL-Based 82 +17.1% 

Agentic-AI 91 +30.0% 

 
Table3. Energy Efficiency Results 

 
D. Average SINR Comparison 
            
The graph indicates the level of Average Signal-to-Interference-
plus-Noise Ratio (SINR) in dB, a prerequisite for high-quality 
signal and interference-proof capabilities in a wireless network 
[23]. The Traditional model hangs low, registering a SINR value 
of about 18.0 dB, indicating not so clear signals and of a high 
level of interference [22]. The RL-Based model pills strong at 
the mid-value of 22.0 dB. Thus, the Agentic-AI outperforms the 
others in interference and noise management, scoring the highest 
SINR of 26.0 dB [24]. The high SINR value lets in faster data 
rates and lower error rates, which practically guarantee much 
cleaner and more reliable communication channels for end-users 
[21]. 
 

 
Fig. 5. Average SINR Comparison 

 
Table 4. SINR (Signal-to-Interference-plus-Noise Ratio) 

Model Type SINR (dB) 
Improvement 

(%) 

Traditional 18 — 

RL-Based 22 +22.2% 

Agentic-AI 26 +44.4% 

 

VIII. COMPARATIVES ANALYSIS 

From the comparative analysis, it can be said that Agentic-AI 
orchestration has outperformed traditional and RL-based 
methodologies [26], [28]. Agentic-AI consistently did better 
than all others across the metrics considered: throughput, 
latency, spectrum efficiency, SINR, and energy efficiency [25], 
[27]. Just as predictive learning, multi-agent coordination, and 
contextual reasoning are concerned with faster decision-making 
and proactive management of resources in the Agentic-AI 
framework, the results describe that throughput increased for 
more than 50% and that latency was reduced to less than half, 
implying the ability to adapt to changing traffic conditions [29]. 
Spectrum utilization and SINR results indicate that the Agentic-
AI method maintains optimal quality of signals and minimizes 

interference at all times [28]. Energy efficiency was also 
improved by 30%, which stands as an assurance of 
sustainability and operational efficacy of the framework [25]. 
Taken in tandem, the comparative results confirm that Agentic-
AI orchestration is an intelligent, adaptive, and energy-
conscious means for enterprise O-RAN networks, striking a 
balance between performance and reliability over different 
network conditions [26], [30]. 

. 

1. Comparative Performance Analysis of Traditional, RL-
Based, and Agentic-AI Systems 
 
This bar graph depicts a Comparative Performance Analysis of 
three different system approaches-Traditional system, RL-
Based framework, and Agentic-AI-with respect to five 
significant performance metrics, namely Throughput, Latency, 
Spectrum Efficiency, SINR, and Energy Efficiency [27]. 
Considering the data shown in normalized units, it is obvious 
that the Agentic-AI system supersedes other systems with 
respect to four out of five performance metrics [25]. Agentic-
AI gets the highest values for Throughput, Spectrum Efficiency, 
and Energy Efficiency, meaning this approach excels in 
maximizing data transfer, optimizing frequency use, and 
minimizing energy consumption [28]. It registered the lowest 
Latency as well, which is indeed a must for real-time 
applications, with RL-Based having a higher Latency and 
Traditional being the highest [29]. RL-Based generally tends to 
be far better than Traditional, standing in between it and the 
strong performances shown by Agentic-AI, which appears to be 
the most advanced and comprehensive formulation for 
performance optimization [26], [30]. 
 

 
Fig. 6. Performance Analysis 

 
This bar graph, entitled Latency Comparison, visualizes 
network delay, measured in milliseconds, for three different 
models: Traditional, RL-Based (Reinforcement Learning), and 
Agentic-AI [25]. The data clearly depicts the decreasing trend 
of huge delays as systems evolve from conventional to AI-based 
in an intricate manner [27]. The highest latency is exhibited by 
the Traditional model, with a sudden increase peaking at around 
40 ms; this represents time dilation typical of older network 
systems that provided less optimization [26]. A transition to the 
RL-based model yields greater than two-thirds improvement in 
latency, bringing it down to near 28 ms [28]. This is quite 
explanatory as to how machine learning approaches benefit the 
dynamic optimization of network operations [30]. Agentic-AI 
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model, recording least latency-the real-time responsiveness of 
agent-based advanced AI systems-is best suited for ultra-low 
latency applications such as autonomous vehicles, remote 
surgery, and industrial IoT [29].  

 
Fig 7. Latency Comparison 

 
2. Comparative Trend of Key Performance Metrics: Traditional 
vs. AI Systems 
This Comparative Trend of Key Performance Metrics line 
graph depicts the performance of three system models-
Traditional, RL-Based (Reinforcement Learning), and Agentic-
AI-within five crucial metrics: Throughput, Latency, Spectrum 
Efficiency, SINR, and Energy Efficiency [27]. The graph 
effectively paints a vivid picture of a clear and consistent 
performance-based hierarchy with the Agentic-AI (green line) 
evolution showing the most desirous trend [28]. Agentic-AI 
consistently tops the charts for the beneficial metrics, namely 
Throughput, Spectrum Efficiency, and Energy Efficiency (all 
thrice above 90), while bringing down Latency (a detrimental 
metric) to almost 18 [25]. Then, the RL-Based model provides 
a considerable improvement over the Traditional model, 
therefore, proudly standing in an intermediate position. For 
instance, when the latency for a Traditional system is 
approximately 40, the latency for the RL-Based is near 28 [29]. 
Noteworthy is the fact that all three systems present a nearly 
similar low SINR (Signal-to-Interference-plus-Noise Ratio) 
value, which strongly implies that this particular metric depends 
less on the type of system [30]. The trends presented by the 
above graphical depiction thus strongly force the conclusion 
that Agentic-AI is a suitable approach in realizing maximum 
efficiency and minimal latency in modern day systems [28]. 
 

 
Fig 8. Key Performance Metrics 

IX. CHALLENGES AND LIMITATIONS 

Despite all these strong aspects, the suggested orchestration 
framework faces a few challenges and limitations [31]. One 
significant challenge is that training and deploying several 
intelligent agents simultaneously is computationally expensive, 
thus requiring greater processing power and resource 
management [33]. Integrating various AI models (LSTM in this 
case and reinforcement learning) constitutes a challenge, for 
they all must be properly coordinated to avoid conflicts or 
instability among the models [31]. Another limitation is the 
requirement of nearly accurate, or at least, reliable real-time 
data from environment and network sources; inaccurate data 
affect the decision-making quality [32]. Sources of concern 
about security and privacy of enterprise data during 
orchestration remain an important concern, especially with 
respect to distributed O-RAN deployments . Deployment across 
heterogeneous enterprises demands to be optimized and fine-
tuned regularly [34]. Once implemented on a large scale, cost 
and infrastructure aspects become relevant questions-more so 
when enterprises must upgrade their legacy systems to fully 
support AI-driven autonomous orchestration in a reliable and 
sustainable manner. 

X. CONCLUSION 

The proposed Agentic-AI orchestration framework embodies a 

transformational stride toward enabling fully autonomous and 

intelligent enterprise network management systems [35]. 

Through a combination of predictive learning, reasoning-based 

decision-making, and multi-agent collaboration, the system 

ideally enhances throughput while minimizing delays in 

spectrum and energy utilization. The LSTM-in-the-loop G-

Pmbs reinforcement learning agent and policy-mode based 

orchestration under RIC create the necessary fast adaptability to 

parameters changing in network states. The results illustrate the 

superiority in performance stability, efficiency, and scalability 

of the framework over conventional methods. More so, its 

modular design leads to easier installation across enterprise 

environments for use cases ranging from smart industries, 

campuses, and IoT empowered infrastructure in general .though 

challenges including computational overhead and data privacy 

remain, however, the framework's ability for autonomous 

learning and self-optimization is a giant step toward the 

realization of an intelligent, resilient, and energy-efficient O-

RAN might. In general, the Agentic-AI orchestration model 

serves as a precursor of future enterprise networks that can self-

govern in context[34]. 

XI. FUTURE SCOPE 

Adaptive learning can be applied within the Agentic-AI 
framework toward federated and edge learning models to 
improve scalability and data privacy over distributed enterprise 
systems. The addition of a blockchain-based security 
mechanism can, in turn, improve O-RAN node interworking by 
enforcing considerations of transparency and trust generally 
among O-RAN nodes . Advanced MARL can also be explored 
to deepen agent collaboration to enhance the accuracy and 
stability of decisions across unforeseen network scenarios. 
Lightweight AI model development targeted at edge 
deployment can reduce computational complexity and latency . 
Insights gained from real-time implementation and testing in 
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live environments of enterprises will certainly be highly 
impactful in understanding performance, interoperability, and 
cost efficiency. Lastly, implementing self-heal and cross-layer 
orchestration will transform the framework into a fully 
autonomous and sustainable system that will evolve with 
wireless network paradigms like 6G and beyond. 
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