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Abstract—As 6G networks evolve to support pervasive AI-
driven applications, seamless provisioning of Edge AI services
has become increasingly vital. However, current orchestration
processes remain fragmented, requiring extensive coordination
between AI-powered application developers and the network
operators. In this paper, we propose a novel end-to-end orches-
tration framework that integrates Large Language Model (LLM)
agents into O-RAN to automate edge AI service subscription and
deployment. Our system translates high-level user intents into
orchestrated workflows, including AI model selection, mobility-
aware placement, and performance monitoring. We demonstrate
the framework via a prototype built on our open-source O-
RAN simulator, showcasing intelligent, intent-driven AI service
provisioning. This work represents a key step toward AI-native,
accessible, and scalable service management in 6G.

Index Terms—Edge AI-as-a-Service, 6G, O-RAN, LLM Agent

I. INTRODUCTION

Edge intelligence is becoming increasingly important as

next-generation use cases demand low-latency AI services

close to end users (as shown in Fig. 1). However, deploying

AI models at the network edge and configuring the underlying

infrastructure remains complex and time-consuming. Without

an automated solution, use case developers must manually

integrate AI applications with distributed edge resources and

confer with network service providers to tailor network set-

tings for each use case, distracting from their primary goal

of building innovative applications. Thus, there is a growing

need for an end-to-end orchestration framework that abstracts

these low-level tasks, allowing use case innovators to focus

on application logic rather than the intricacies of AI service

deployment and network configuration.

In parallel, the evolution toward 6G networks is expected

to embrace AI deeply into the network, for both network

operations and the connected use cases [1]. Research visions

for 6G emphasize AI-native network management, where AI

functions are integrated across cloud, core, and radio domains.

For instance, the O-RAN architecture [2] already introduces

RAN Intelligent Controllers (RICs) to enable data-driven
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control in the radio access network. Yet, current frameworks

lack an end-to-end mechanism for orchestrating use case-

facing AI services across domains in a holistic manner.

Recent advances in large language models (LLMs) [3],

[4] open up new possibilities: LLMs can interpret high-

level intents, reason about complex tasks, and even generate

configuration or code, which can be leveraged to automate

network and service management.

Motivated by these trends, we propose an LLM-powered,

end-to-end orchestration framework to simplify Edge AI

service deployment in 6G O-RAN networks. Our framework

enables developers to describe their application needs using

natural language, with an intelligent agent translating these

intents into mobility-aware AI service provisioning actions.

The key contributions of this paper are:

• We design an intent-driven orchestration framework that

integrates LLM agents with O-RAN architecture to au-

tomate Edge AI service provisioning.

• We introduce a subscription-based model to manage AI

service lifecycle, enabling mobility-aware deployment

and dynamic reconfiguration.

• We demonstrate the proposed framework through an

open-source O-RAN simulator, showcasing end-to-end

automation from user interaction to service deployment.

The following sections detail the architecture and com-

ponents of our framework, describe its implementation, and

present a working demonstration.

II. RELATED WORKS

A. Edge AI Orchestration Approaches

Prior works have explored platforms to orchestrate com-

pute and AI workloads at the network edge. For example,

Oakestra [5] is a lightweight hierarchical orchestrator for edge

computing that tackles challenges like unreliable links and

diverse hardware by federating resources and delegating tasks

efficiently. Existing edge orchestration solutions primarily

focus on container management, workload placement, and

latency optimization. However, they often do not specifically

address AI service user engagement. Our work differs by

leveraging the LLM-based agents to interact with the users to

streamline their experience in subscribing to edge AI services.
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Fig. 1. Edge AI use cases supported by 6G networks, emphasizing the need
for low-latency edge intelligence.

B. O-RAN and 6G

The O-RAN initiative [2] specifies a disaggregated RAN

architecture with open interfaces and intelligent controllers

to enable innovation in network management. In O-RAN,

a near-real-time RAN Intelligent Controller (near-RT RIC)

hosts xApps that perform closed-loop control of the RAN

(e.g., scheduling, slicing) on the order of 10 ms to 1 s,

while a non-real-time RIC (within the Service Management

and Orchestration framework) handles policy and analytics

on > 1s timescales. The RIC concept is a cornerstone that

brings AI and automation into RAN operations. Early O-RAN

deployments and research (often on 5G testbeds) have shown

the feasibility of dynamic RAN optimization via xApps [6].

Looking ahead, AI in 6G will not only optimize the RAN but

also coordinate end-to-end network behaviour across domains

(i.e., RAN, edge, core, and cloud) [7]. This work builds on this

background by using the O-RAN platform (RIC applications

in RAN) as the vehicle for automated AI service subscription

and deployment management.

C. LLMs in 6G Networks

The emergence of large language models has prompted

exploration into their role within future network manage-

ment and orchestration. For example, Maestro [8] proposes

a framework where multiple LLM-based agents (representing

multiple stakeholders such as network service providers)

negotiate shared network resources. More generally, it is

highlighted that LLMs can grasp user intent, reason about

tasks, and execute commands, potentially redefining how we

interact with and control network services [9]. Our proposed

framework can be seen as part of this emerging paradigm: it

uses an LLM-based agent as an intelligent orchestrator that

bridges the gap between a use case’s high-level intent and

low-level service provisioning actions.

III. THE FRAMEWORK

Fig 2 presents an overview of the proposed framework. At

the core of the framework is an LLM-based orchestrator agent

that serves as the “brain” of the system. When a user describes

a use case (for example, “I’m building a robot dog fleet to

search for stray animals in ...”), the request is forwarded to

the LLM agent. The agent is equipped with tools to interact

with the end user, retrieve necessary knowledge (AI service

details, user AI service subscription history, new use case

demands, and user equipment information), and manage AI

service subscriptions. The LLM’s ability to perform reasoning

over the user’s use case needs is what differentiates this

framework from static rule-based orchestrators. The Non-RT

RIC manages the AI service subscriptions and deployments

depending on the connectivity and mobility of the subscribing

user equipments within the network.

A. AI Service Recommendation and Selection

One of the first tasks is to search and select a suitable

AI service that fulfils the use case’s needs. The framework

includes an AI service registry that catalogues available pre-

trained and edge-deployable models (and possibly training

pipelines) for various AI tasks (see [10]). Upon analysing the

use case scenario, the LLM agent queries this repository to

find AI services that fulfil the functionality requirements. For

instance, if the request is for an object detection service, the

repository might have services serving a trained ResNet or

YOLO detector. The agent can consider factors such as the

model’s accuracy (if the AI model is benchmarked against the

user’s scenario), input requirements (camera feed, sensor data,

etc.), and resource footprint when recommending the services.

The output of this step is a list of AI service candidates, and

the user is then prompted to make a selection. This task aims

to abstract the complexity of AI model selection: instead of

the user having to search, choose, and configure a model,

the orchestrator’s intelligence handles it. In a more advanced

implementation, this step could also involve model optimiza-

tion – for example, choosing a quantized model for faster

inference if accuracy is not the developer’s primary concern,

or an explainable model for ethical and legal compliance.

B. AI Service Subscription

In line with mobile network paradigms, we propose a

subscription-based mechanism for AI service provisioning.

Once the user selects an AI service—either manually or

with agent assistance—the agent will initiate the subscription

workflow, where the agent requests user equipment (UE)

identifiers, such as device IDs or IMSI-equivalent tokens,

which are used to create the AI service subscriptions.

AI service subscriptions, which encapsulate a selected AI

service and the subscribing UEs, are stored in the RIC’s sub-

scription database. This process is facilitated by the AI Service

Subscription Management rApp, which exposes a full CRUD

(Create, Retrieve, Update, Delete) API. This API allows the

agent to dynamically update or revoke subscriptions based on

changes in user needs and service availabilities. In addition,

the subscription database also enables retrieval-augmented

generation (RAG) during the user intent profiling stage,

where the agent can perform personalized recommendations

according to the user’s historical subscriptions.
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Fig. 2. End-to-End Edge AI Service Provisioning Framework Overview.

The subscription-based mechanism provides a streamlined

and intuitive experience not only for end users but also

for the agentic orchestrator, which we believe is at least as

important as the user experience, if not more so. Further-

more, this mechanism enables flexible future extensions in

commercial deployment, such as premium subscription tiers

with guaranteed QoS (e.g., latency and bitrate constraints),

auto-scaling policies, explainability interfaces for regulatory

compliance, and fallback deployment strategies for safety-

critical use cases.

C. Mobility-aware AI Service Deployment

To translate static AI service subscriptions into mobility-

aware AI service deployments across the network, the frame-

work includes a specialized rApp called the AI Service

Deployment Manager. Its role is to dynamically deploy or

undeploy AI services at the base stations (specifically, their

co-located edge servers) in response to AI service subscrip-

tion, user equipment (UE) mobility, and connectivity changes.

For each active AI service subscription, the deployment

manager continuously scans all base stations to detect whether

any of the subscribing UEs are currently connected. If a

base station has at least one subscribing UE, the correspond-

ing AI service is either maintained (with its undeployment

countdown reset) or newly deployed. Deployment is contin-

gent upon at least two checks: compatibility between the

AI service and the edge infrastructure (e.g., software and

hardware compatibility), and the availability of sufficient CPU

and accelerator device memory resources. The deployment

manager interacts with an edge infrastructure manager (e.g.,

a Kubernetes cluster at the edge, an ETSI MEC platform,

or a virtualization layer) to launch the AI service, which

allocates necessary resources (vCPUs, memory, and GPU)

to the AI service container. Networking between the RAN

and the AI service is then set up via local breakout rules,

ensuring the service is reachable from the RAN (to ingest

data or serve results). To use the AI service, UEs can simply

post requests to a common URL such as “https://cranfield-

6g.com/ai service/microsoft resnet 50” and the base station

will forward the request to the edge server if available.

If no subscribing UEs are connected to a base station

currently hosting a deployment, a countdown mechanism

is triggered. This delay avoids rapid redeployment cycles

in response to transient disconnects (e.g., caused by ping-

pong effects). Once the countdown reaches zero, the AI

service is undeployed, and associated configurations (e.g.,

local breakout rules, QoS monitoring) are cleaned up.

This deployment logic ensures that AI services are au-

tonomously provisioned only where they are needed, opti-

mizing resource utilization while adapting to UE mobility in

real time. The core steps of this process are summarized in

Algorithm 1.

D. Service Monitoring

To ensure that the deployed AI service meets the expected

performance, our framework includes a Service Monitoring

xApp to monitor AI service traffic and alert on QoS-related

issues, presenting both real-time and historical insights to the

user.

QoS Monitoring Depending on the available service mod-

els or API endpoints, the key QoS metrics related to the AI

service traffic can include:



Algorithm 1: Mobility-Aware AI Service Deployment

Input: AI service subscriptions from the database

1 foreach subscription S do

2 foreach base station � do

3 if any UE in S is served by � then

4 5 >D=3*� ← )AD4;

5 else

6 5 >D=3*� ← �0;B4;

7 if AI service is already deployed on the edge

server at � then

8 34?;>H43 ← )AD4;

9 else

10 34?;>H43 ← �0;B4;

11 if 5 >D=3*� then

12 if 34?;>H43 then

13 Reset undeployment 2>D=C3>F=;

14 else

15 if AI service is compatible with edge

server at � then

16 if CPU and accelerator device

memory is sufficient then

17 Deploy AI service at �;

18 Update deployment data at �;

19 Set up local breakout rule at �;

20 Start AI service performance

monitoring xApp;

21 else

22 Report: insufficient resources

for deployment;

23 else

24 Report: AI service not compatible

with this node;

25 else

26 if 34?;>H43 then

27 Decrement 2>D=C3>F=;

28 if 2>D=C3>F= is 0 then

29 Undeploy AI service container;

30 Clean breakout and monitoring

rules;

• Latency: End-to-end delay from the AI service request

to response.

• Throughput: The bandwidth allocated and utilized for

AI service communication.

• Packet Loss: Identifying network congestion that could

degrade AI service quality.

• Jitter: Variability in packet transmission times that might

affect real-time AI applications.

• Service Availability: Detecting disruptions in AI model

inference or edge server downtime.

Reporting and Adaptations The monitoring xApps gen-

erate reports for the user, which can include:

• Real-time QoS Dashboards Graphical reports summa-

rizing AI service performance and network conditions.

• Proactive Notifications Alerts when QoS degradation is

predicted, allowing users to take preventive action.

• Network Adaptations Based on trends, the deployment

manager may recommend actions such as requesting a

prioritized slice, scaling the AI service deployments up

or down, or providing explanations to manage users’

expectations or adjust use case requirements.

Such a closed-loop feedback mechanism can keep users

informed about the status of their requested AI service,

offering transparency and fostering greater user trust.

IV. DEMONSTRATION

A. Prototype Implementation

Considering the diverse choices of RAN, RIC, core, and

edge solutions in the market with different interfaces and

functionality architectures, we implement the proposed AI

service provisioning framework on top of our open-sourced

O-RAN experiment platform and conduct an end-to-end

demonstration to showcase the feasibility of the envisioned

framework (see [11]). Specifically, the platform consists of

a web-based frontend and a backend network simulator. The

frontend visualizes the simulated network, presents network

live data dashboards, and most importantly, the end user

chat interfaces with the AI service orchestrator agent. The

(lightweight python-only) backend consists of three functional

layers: the network simulation layer which simulates the

dynamics of UEs, base stations, cells, edge, core, and RIC, the

network knowledge layer which serves agent-friendly network

knowledge (including the AI service registry) by digesting live

network data from the underlying network layer, and lastly,

the intelligence layer hosts the LLM-powered agents (e.g.,

AI service intent profiling agent and AI service deployment

agent) to drive the AI service provisioning pipelines. The

LLM agent in our prototype is implemented using OpenAI

Agent SDK [12] and powered by GPT-4.1 (through API) [13].

The AI services are compiled based on pre-trained models

from HuggingFace [14].

B. Demonstration

Fig. 2 presents an actual conversation where a simulated

use case developer chats with the AI service orchestration



Fig. 3. UE Dashboard screenshot of the platform’s frontend interface, displaying the latest AI service request responses of the two subscribing UEs.

agents to subscribe to an object (animal) recognition AI

service. It shows that the agent can 1) explore the AI service

database and recommend appropriate AI services, 2) ask for

necessary information such as UE IDs and create an AI

service subscription, and 3) explain how the AI services

are provisioned and used, including the API calls and code

snippets. Fig. 3 is the screenshot of the UE Dashboard of the

frontend interface, displaying the latest AI service response.

Readers are welcome to try out our framework at [11].

V. CONCLUSION

This paper introduced an end-to-end Edge AI service pro-

visioning framework that integrates Large Language Model

(LLM) agents into the 6G O-RAN architecture. The proposed

framework automates the complex process of deploying AI

services at the network edge by translating high-level user

intents into actionable tasks such as AI model selection,

service subscription, mobility-aware deployment, and QoS

monitoring. Through an open-source prototype built atop a

custom O-RAN simulator, we demonstrated the viability of

this approach, showcasing seamless orchestration from user

interaction to AI service automation.

Our demonstrated framework highlights the potential of 1)

opening up new revenue streams by offering edge AI service

subscriptions, 2) accelerating the development of innovative

AI-driven use cases, 3) enhancing user experiences, and 3)

reducing user engagement cost. Future work will explore

the real-world integration with commercial RAN platforms,

quality-of-AI-service guarantees, multi-vendor compatibility,

and continuous learning capabilities for improved orchestra-

tion in diverse, large-scale environments.
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