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1 Introduction
he rapid advancement of large language models (LLMs)
has fundamentally expanded the application landscape
of artificial intelligence (AI), with the Al agent emerg-
ing as a dominant paradigm for translating LLM capa-
bilities into actionable systems. Al agents are intelligent enti-
ties capable of environment perception, autonomous decision-
making, and action execution, which leverage LLMs to accom-
plish tasks independently or collaboratively in complex environ-
ments while continuously optimizing their behavior'". In recent
years, a diverse spectrum of agent-based applications has been
developed in both industrial and consumer domains, exempli-
fied by Manus” and Coze". Agents can be broadly categorized
into physical agents, which exist in physical forms such as ro-
bots and interact directly with the physical world, and digital
agents, which operate within digital environments to provide
more sophisticated decision support. To accomplish increas-
ingly sophisticated tasks, heterogeneous agents across different
domains must frequently collaborate, necessitating seamless
inter-agent communication and robust networking. As agents
proliferate across diverse environments, future networks will in-
creasingly interconnect these agents rather than conventional
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end hosts, marking a paradigm shift in networked object compo-
sition and imposing new demands on network architecture, con-
trol mechanisms, and resource management.

To accommodate the evolving connectivity requirements of
agents, Heterogeneous Agent-Oriented Networking (HaoNet)
has significant research value. HaoNet aims to provide a glob-
ally interconnected and controllable network with on-demand
enabling for information exchange and task collaboration among
agents of various forms, capabilities, and users™. Unlike con-
ventional networking paradigms, HaoNet is designed to support
reliable agent access and interaction frequencies that far exceed
those of traditional networks. Driven by the intrinsic autonomy
of agents, HaoNet shifts from reactive connectivity to proactive,
task-oriented networking, where links are established autono-
mously to fulfill specific task goals. Furthermore, HaoNet en-
ables real-time, flexible network reconfiguration to navigate
emergent tasks and dynamic environments.

Despite its potential, realizing the full capabilities of HaoNet
presents significant technical challenges. First, addressing
emergent and complex tasks requires deep semantic parsing of
task-specific objectives and the subsequent mapping of these
mission-level goals onto networking targets. Second, ensuring
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policy consistency and reliability across diverse agents is criti-
cal, as any misalignment in intent interpretation could lead to
network instability in dynamic environments. Third, the proac-
tive nature of agents leads to highly frequent and bursty interac-
tions, requiring continuous network policy adaptation. Finally,
the disparity in functional capabilities and computational re-
sources among agents demands a sophisticated orchestration
mechanism capable of balancing global intent fulfillment with
resource efficiency.

The Intent-Driven Network (IDN) is a novel paradigm cen-
tered on user intent, utilizing Al to accurately identify and rap-
idly respond to high-level user requirements®. By integrating
core technologies such as intent refinement, policy generation,
and intent assurance, IDN achieves a closed-loop mapping from
user intent to network configuration, enabling the network to dy-
namically adapt and optimize itself without manual intervention.
This inherent flexibility and self-optimization capability offer a
promising pathway to overcome the bottlenecks of HaoNet. Spe-
cifically, the intent-centered paradigm provides a robust frame-
work for parsing the semantic objectives of emergent tasks, ef-
fectively bridging the gap between mission-level goals and net-
working targets. Moreover, the adaptive architecture of IDN,
supported by advanced techniques such as multimodal process-
ing and semantic communication, is uniquely suited to maintain
policy consistency and handle the highly frequent interactions
characteristic of agents.

This paper aims to develop a network control system for Ha-
oNet that operates under an intent-driven paradigm, fundamen-
tally bridging the gap between high-level task objectives and au-
tonomous network execution. By integrating IDN technologies,
the proposed system ensures policy consistency and reliability
while enhancing networking effectiveness and task efficiency
for emergent tasks in dynamic environments. The main contribu-
tions of this paper are summarized as follows:

1) Characterization of HaoNet: We summarize three key fea-
tures of HaoNet, namely task-driven operation, distributed col-
laboration, and closed-loop intelligence, establishing a concep-
tual foundation for agent-oriented networking.

2) System architecture and key technologies: We propose a
comprehensive system architecture that integrates IDN, and in-
vestigates the associated key technologies required to enable au-
tonomous network control.

3) [lustrative application scenarios: We provide typical ap-
plication scenarios to demonstrate the practical value and fea-
sibility of the proposed system in enabling robust agent-
oriented networking.

2 Related Work

The rapid proliferation of agents has spurred diverse para-
digms of agent-oriented networking. Gupta et al. proposed Ag-
Net'®, a novel architecture that draws parallels with the World
Wide Web by introducing specialized components such as the
Agent Name Server and the Agent Text Transfer Protocol to fa-
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cilitate discovery and interoperability. From a broader ecosys-
tem perspective, the Internet of Agents”” has been envisioned as
a foundational framework for the seamless interconnection of
heterogeneous agents at scale, focusing on capability notifica-
tion and adaptive communication, and introducing emerging
agent communication protocols including Model Context Proto-
col (MCP)® and Agent to Agent Protocol (A2A)". To further
integrate intelligence into the network fabric, Xiao et al. pro-
posed AgentNet!'”, a 6G-oriented framework that connects
task-oriented agents by deploying dedicated agents across the
physical, network, and application layers to enable cross-layer
collaborative intelligence. Despite these advancements, sys-
tematic analysis''"! reveals that siloed agent designs lead to sig-
nificant architectural fragmentation, hindering cross-domain
interoperability and manageable scaling. Compounding this is-

67100 brimarily focus on defining

sue, existing frameworks'
static structural components while paying insufficient atten-
tion to specific operational mechanisms, particularly under dy-
namic task execution.

IDN has emerged as a transformative paradigm that auto-
mates network management by translating high-level user objec-
tives into actionable configurations''”. Recent research has in-
creasingly focused on integrating Agentic Al to overcome the ri-
gidity of traditional rule-based IDN systems. For instance, Jiang

1."3 proposed a hierarchical multi-agent framework for 6G,

et a
where LLM-based agents employ reasoning-action cycles to de-
compose natural language intents into technically feasible net-

04 introduced a

work slice configurations. Similarly, Lee et al.
Generative-Al-empowered architecture that utilizes a chief
agent to transform intents into dependency-aware execution
graphs for autonomous telecom service reconfiguration. In spe-
cialized domains such as industrial automation, Romero et al.'™!
integrated Agentic Al into the intent-based paradigm, utilizing
specialized sub-agents to translate high-level human goals into
autonomous actions aligned with Industry 5.0 principles. While
these studies predominantly leverage Agentic Al as a tool to en-
hance the autonomy of IDN, the maturation of IDN capabilities
provides a natural foundation for extending its robust intent-
centered and self-optimization mechanisms to support agent-
oriented networking. Applying these enhanced capabilities en-
ables a strategic shift from using agents to manage the network
to leveraging the network’ s inherent intelligence to proactively
sustain the task-driven, bursty, and heterogeneous interactions
of the agents themselves.

The integration of IDN into agent-oriented networking re-
mains in its early stages. A preliminary attempt is GoAgent-
Net"" which draws on the intent-driven paradigm to enable
multi-agent collaboration by orchestrating their perception,
communication, and computation. While it explores goal-
oriented fulfillment, GoAgentNet lacks specific mechanisms
to ensure dynamic intent-agent mapping and scalable collab-
orative orchestration of heterogeneous agents. To bridge these
gaps, our research proposes an intent-driven control frame-
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work for HaoNet, which incorporates diverse mechanisms
such as LLM fine-tuning and adaptive collaboration patterns
to ensure high network policy consistency and reliability

within dynamic environments.

3 Networking Scenario and Design of HaoNet

This section presents the core foundations of HaoNet, ranging
from key features to architectural implementation. We introduce
a general networking scenario to establish context, followed by a
summary of key features that serve as a conceptual foundation.
Finally, we present the system architecture for HaoNet.

3.1 Networking Scenario

To provide a foundational understanding of HaoNet, we intro-
duce a general networking scenario centered on collaborative in-
frastructure maintenance tasks, which can be analogized to
other networking scenarios, as shown in Fig. 1. This scenario in-
corporates a heterogeneous agent society comprising unmanned
aerial vehicle (UAV) agents, ground robotic agents, and virtual
assistant agents, all operating collaboratively to ensure the op-
erational integrity and safety of 5G/6G network-based urban or
unmanned ad-hoc network-based industrial infrastructures.

The collaborative infrastructure maintenance process typi-
cally initiates with high-level operational objectives, including
comprehensive structural health inspections. These objectives
are systematically decomposed into granular subtasks and allo-
cated to multiple agents, which then form task subnets for col-
laborative execution based on their capabilities and real-time
spatiotemporal status. During this collaborative process, their lo-
calized interactions give rise to specific networking require-

Collaborative infrastructure maintenance task
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ments, as the underlying communication infrastructure must
adapt its resources to support the synchronization and data-
intensive demands of agents.

Beyond preplanned task allocation, the network must accom-
modate spontaneous, peer-to-peer interactions within this dy-
namic environment. For instance, a ground robotic agent requir-
ing an aerial perspective for a localized assessment can autono-
mously initiate a collaborative request to a nearby UAV, trigger-
ing a real-time massive data exchange. These emergent commu-
nication requirements necessitate on-demand reconfiguration,
where logical links and physical resources are rapidly reconfig-
ured into transient, task-aligned subnets.

It is important to note that 5G/6G networks and unmanned
ad-hoc networks exhibit fundamentally different characteristics.
Specifically, 5G/6G networks rely on well-established infrastruc-
ture, providing relatively stable topology, reliable connectivity,
and support for centralized control. In contrast, unmanned ad-
hoc networks operate without fixed infrastructure, featuring
highly dynamic topology, intermittent connectivity, and a stron-
ger reliance on distributed and self-organizing mechanisms. Al-
though the key technical requirements differ across scenarios in
terms of control strategies, resource management, and communi-
cation patterns, the proposed architecture and key technologies
are designed to address common requirements while enabling
flexible adaptation to scenario-specific characteristics.

3.2 Key Features

By distilling the fundamental requirements of HaoNet, we
summarize three key features: task-driven operation, distributed
collaboration, and closed-loop intelligence.

3.2.1 Task-Driven Operation
In HaoNet, task intent
originating from the user
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Figure 1. A general networking scenario of collaborative infrastructure maintenance in HaoNet
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HaoNet encompasses three task orchestration modes: central-
ized, distributed, and semi-distributed, as shown in Fig. 2. In
the centralized mode, a central agent maintains a comprehen-
sive global view of the network, covering agent capabilities,
edge computing resources, network states, and related contex-
tual information. Based on this view, it performs unified intent
refinement and decomposition and assigns subtasks to appropri-
ate agents. In the distributed mode, each agent is capable of in-
tent refinement and decomposition; upon receiving a task in-
tent, an agent autonomously processes the intent and collabo-
rates with other agents through negotiation to accomplish the
task. In the semi-distributed mode, a group of agents dynami-
cally selects a central agent based on their intelligence levels.
Task intents, together with relevant network information, are for-
warded to the selected agent, which performs intent refinement
and decomposition on behalf of the group.

These three orchestration modes are suitable for different sce-
narios and offer distinct advantages. Centralized orchestration is
well-suited to relatively stable networks and tightly coupled
tasks that require unified control. Distributed orchestration tar-
gets highly dynamic networks with numerous mobile nodes,
where tasks exhibit weak dependencies and high requirements
for flexibility and fault tolerance. Semi-distributed orchestration
applies to agent networks that are locally centralized but glob-
ally distributed, aiming to balance the efficiency of centralized
planning with the flexibility of dis-
tributed coordination.

3.2.2 Distributed Collaboration

Distributed collaboration signifies
that agents are physically distrib-
uted and collaboratively accomplish
tasks. Distributed agents execute as-
signed subtasks within a task subnet
and continuously adjust their behav-
iors aligned with the task intent, col-
laborating and  cooperating  to
achieve global task optimization.

To sustain such collaborative ex-
ecution, the interplay between
agents necessitates both information
sharing and capability sharing. In-
formation sharing encompasses the

physical environment data per-

Task intent
ceived by agents, information re-
garding the capabilities of surround-
ing agents, and real-time network
Through

change, agents within a task subnet

states. information  ex-
can obtain a comprehensive view of
subnet information. Capability shar-
ing allows an agent to remotely le-
verage the capabilities of another

(a) Centralized orchestration
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agent to fulfill the current assignment.

Facing the challenge of massive data exchange among
agents, distributed collaboration in HaoNet relies on semantic
communication. To fulfill complex tasks, agents will exchange
multi-modal information to achieve information unification,
which inherently triggers massive data transmissions. Further-
more, the disparity in intelligence levels and functional capa-
bilities leads to heterogeneous data modalities, creating a criti-
cal need for cross-modal transformation. To address these
challenges, semantic communication is employed to provide
expressive and flexible representations, such as embedding-
based data transmission, ensuring efficient and seamless in-
teroperability across agents.

3.2.3 Closed-Loop Intelligence

Closed-loop intelligence refers to the internal architecture of
the agent that enables it to autonomously perform the full life-
cycle of task intents, including environment perception, data
processing, decision-making, and action execution. As shown in
Fig. 3, a general agent consists of four core functional modules
(perception, analysis, planning, and execution) supported by an
internal knowledge base for data storage and inter-module inter-
action. To enhance the capabilities of each module, the agent in-
tegrates additional components such as LLMs, external knowl-
edge bases, and external tools, thereby supporting comprehen-

Task intent

(c) Semi-distributed orchestration

Figure 2. Three task orchestration modes in HaoNet
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sive task completion”.,

The perception module monitors network connectivity, the
physical environment, and agent capabilities. The analysis mod-
ule handles intent recognition, conflict detection, intent refine-
ment, and intent decomposition by utilizing LLMs and related
processing tools. The planning module generates policies and
resolves conflicts, drawing on analyzed data and other related
tools to produce a new policy compatible with existing network

The

implements these policies using re-

policies. execution module

lated execution tools to convert
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forming them into executable policies. It performs a complete
technical workflow, including environment perception, intent re-
finement, intent decomposition, and policy generation, based on
the agent’ s internal functional modules of Perception, Analysis,
Planning, and Execution.

Environment perception collects heterogeneous contextual in-
formation from both the physical and network environments,

providing essential inputs for subsequent processing. Intent re-

them into concrete configurations or

actions. Interaction among these Task intent

modules ensures reliable task ex- U

ecution and efficient collaboration

with other agents. LLMs Eecht External tools

3.3 Design of Architecture & rmﬁ Analysis E:> [ Planning
Based on the above summariza- :> Internal knowledge <:

tion, an architecture of an intent- knm];:f:f;:iﬂases base .

driven control system for HaoNet is <IEEE Perception <l' Execution APT

proposed, as shown in Fig. 4. The 7\
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finement extracts explicit task requirements from user intents.
Intent decomposition integrates the task requirements with envi-
ronmental information to identify appropriate agent sub-groups,
generate executable subtasks for individual agents, and coordi-
nate their execution to optimize the fulfillment of the overall
task intent. Based on the agent’ s current state and assigned
subtask requirements, the policy generation function produces
executable policies and delivers them to the execution module
for concrete actions.

The intent layer incorporates semantic communication to sup-
port multi-modal and cross-modal information exchange among
heterogeneous agents. Multi-modal inputs are encoded into uni-
fied semantic embeddings via modality-specific encoders, pre-
serving task-relevant information for intent understanding, agent
matching, and subtask coordination. These embeddings can be
further transformed across modalities to ensure consistent inter-
action among agents with different capabilities. Structured inter-
faces based on MCP and A2A support context exchange, tool in-
vocation, and task-level coordination, reducing redundant trans-
mission and improving interoperability.

3) Infrastructure layer

The infrastructure layer is responsible for constructing task-
specific subnets based on the matching results between agents
and assigned subtasks, thereby enabling multi-agent collabora-
tion. After receiving their respective subtasks, agents within a
task subnet exchange information and adapt their execution
policies in response to environmental dynamics, collectively
working toward the optimal fulfillment of the overall task intent.

Built on the IDN framework, the architecture incorporates
inter-agent semantic communication and implements workflows
such as intent refinement and policy execution within the
agents. Through continuous interactions within the three-layer
architecture, the north - south direction realizes a full-lifecycle
closed loop of task intent, from input and execution to assur-
ance, while the east — west direction supports efficient collabo-
ration among multiple agents, thus comprehensively ensuring
the dynamic adaptability and flexible scheduling of HaoNet.

4 Key Technologies

To realize the intent-driven control system for HaoNet, this
section presents the key technologies from three perspectives:
Monitor-Analyze-Plan-Execute over a shared Knowledge
(MAPE-K) based intent closed-loop and adaptive modes; LLM
for intent recognition, refinement, decomposition, and map-
ping; and Coordination, Collaboration, and Cooperation (CoX)
and large-small model collaboration mechanisms. These tech-
nologies form a general framework that can be flexibly
adapted to different networks such as 5G/6G and unmanned
ad-hoc networks.

4.1 MAPE-K Based Intent Closed-Loop and Adaptive
Mode
To handle diverse task intents, agents must exhibit task
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adaptability and support closed-loop policy generation to ensure
intent fulfillment. MAPE-K, an adaptive IDN architecture, con-
sists of five components

Monitor, Analyze, Plan, Execute, and
Knowledge—enabling autonomous management and intelligent
optimization", The internal MAPE-K architecture of the agent
is shown in Fig. 5.

The Monitor, Analyze, Plan, and Execute components consti-
tute the primary functional components of the agent. Knowledge
serves as the data storage module, providing storage space for
data interaction among the primary functional components. The
Monitor captures environmental information through integrated
sensors and data filtering tools. The Analyze component pro-
cesses this data to perform intent refinement, decomposition,
and conflict detection, leveraging LLMs and external knowledge
bases to extract task requirements and generate subtasks while
checking for conflicts with existing network policies. The Plan
component generates executable policies by reconciling task re-
quirements and detected conflicts, using LLMs and specialized
small models. Finally, the Execute component implements these
policies, employing code scripts and physical tools to carry out
concrete task operations.

The MAPE-K architecture supports multiple patterns to ac-
commodate different task scenarios, including coordinated
control, information sharing, master-slave control, regional

planning, and hierarchical control patterns"”!

. In multi-agent
collaboration, an MAPE-K based agent can dynamically select
patterns according to task complexity, environmental condi-
tions, and its own capabilities. The schematic diagrams of
these five control modes across three task orchestration modes
are shown in Fig. 6. While each agent in the figure contains all
MAPE-K components, the diagrams highlight only the primary
components utilized in each mode.

In the centralized orchestration mode, the main patterns are
hierarchical control and master-slave control patterns. The hier-
archical control pattern features a top-down structure, where the
high level maintains a global network view and ensures long-
term adaptive objectives, the middle level coordinates and man-
ages multiple lower-level agents, and the low level handles di-
rect execution, status monitoring, and short-term adaptive deci-
sions. This pattern is well-suited for large-scale management
systems, such as massive data centers, providing clear hierar-
chies but increasing management complexity. In contrast, the
master-slave control pattern is simpler and easier to implement.
The master agent handles analysis and planning, while slave
agents focus on monitoring and execution. The master agent di-
rectly governs all slave agents, imposing higher stability require-
ments on the master and lacking the long- and short-term goal
differentiation inherent to hierarchical control, making it better
suited for small-scale agent networks.

In the distributed orchestration mode, the main patterns are
coordination control and information sharing. The coordination
control pattern emphasizes system consistency in intent execu-
tion. It requires the four MAPE-K components of each agent to
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Figure 5. Internal MAPE-K architecture of the agent fields, this paper investigates the

interact with their counterparts in other agents. This pattern is
suitable for tasks with high precision coordination requirements,
but it also entails higher coordination costs. The information
sharing pattern, by contrast, limits interaction to the Monitor
component, while other components operate independently. It
reduces complexity and inter-agent interactions, making it suit-
able for tasks such as distributed environmental monitoring,
where information synchronization is prioritized over behavior.
In the semi-distributed orchestration mode, the main patterns
are regional planning and master-slave control. In the regional
planning pattern, a central agent is assigned the planning func-
tion within each region. Agent subnets achieve intra-domain ob-
jectives through local closed loops, while inter-domain objec-
tives are accomplished via collaboration among the central
agents of different regions. The master-slave control pattern inte-
grates features of multi-regional planning, establishing master-
slave control within each region while enabling collaboration
among central agents across regions. Compared to master-slave
control, regional planning provides greater autonomy to ordinary
agents and reduces the computational burden on central agents,
whereas master-slave control is more centralized, emphasizing
the achievement of overall objectives. Both patterns are suitable
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LLM for intent recognition, refine-
ment, decomposition, and mapping,
with the proposed technical architecture shown in Fig. 7.

In recent years, LLMs have attracted significant attention due
to their powerful natural language processing capabilities, spur-
ring extensive research on their application in networking® >,
However, deploying LLMs in highly specialized domains often
faces challenges such as opaque internal mechanisms, limited
interpretability, and hallucinations. To improve reliability in
professional network scenarios, mainstream approaches include

7l 81 Fine-tuning adjusts all

fine-tuning®” and prompt engineering
or part of the model parameters on smaller, domain-specific da-
tasets to enhance specialized performance, whereas prompt en-
gineering operates at the input level, augmenting the user intent
with additional information and instructions to elicit more accu-
rate and comprehensive outputs.

This paper enhances the domain-specific performance of
LLM through Parameter-Efficient Fine-Tuning (PEFT) and Gra-
phRAG. PEFT trains only a subset of the LLM’ s parameters,
with popular schemes including Prompt Tuning®!, LoRAP,

27 An external knowledge base is con-

and Adapter Tuning
structed from network-domain documents, research papers, and

expert knowledge, and is continuously updated as technology
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Figure 6. Five control patterns of MAPE-K across three task orchestration modes

evolves. The LLM is periodically fine-tuned using this knowl-
edge base to achieve ongoing capability enhancement. Gra-
phRAGP' *2 an extension of standard RAG and a prompt engi-
neering technique, retrieves intent-related triplets from the
knowledge base and performs graph-based expansions to enable
contextual retrieval. The task intent, retrieved context, and rel-

evant prompt templates are sequentially provided to the LLM
according to the workflow. Combined with external model algo-
rithms, this allows the LLM to perform task intent recognition,
refinement, decomposition, and mapping. Additionally, environ-
mental information collected by the agent’ s perception module
is fed into the LLM to support comprehensive analysis and
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tion mechanism is illustrated in Fig. 9.
The internal architecture of the agent integrates a domain-

(23°24 and task-specific small mod-

specific LLM for networking
els. Leveraging its natural language processing capabilities, the
LLM identifies highly specialized tasks that require the exper-
tise of a small model, initiates an invocation command, and for-
wards the request. By utilizing rule-based algorithms or pre-
trained neural networks specific to concrete tasks within these
small models, the system generates task policies that are profes-
sional and possess high real-time performance. Conversely,
tasks involving extensive data analysis or language processing
remain handled by the LLM itself. The final executable policy
can either be directly generated by a task-specific small model
or synthesized by the LLM based on feedback received from the
small models. The large-small model collaboration mechanism
combines the strengths of both, achieving adaptive selection of
task processing strategies to support diverse tasks.

From a scalability perspective, the scalability of the proposed
control system is primarily enabled by multiple MAPE-K con-
trol patterns. In addition, supporting mechanisms such as large-
small model collaboration further improve system efficiency and
responsiveness, facilitating practical deployment in complex
scenarios. Together, these mechanisms enable the system to
maintain performance as the system scales.

5 Application Scenarios

To demonstrate the practical value of the proposed system,
we provide two representative application scenarios, as shown
in Fig. 10.

1) Smart home scenario

Future smart homes are evolving from simple remote control
and preset automation into complex ecosystems composed of
multiple specialized agents. Consider a common return-home
scenario in daily life: The system may include digital agents,
such as home steward agents and health agents, as well as
physical agents, such as robotic agents and quadruped robots.
Before returning home, the user informs the home steward agent
of the current intent: “Steward, I will be home in 30 minutes
and I need a warm meal.” Based on this intent, the home stew-
ard agent might assign a health agent to curate a nutritionally
balanced recipe, command a quadrupedal robot to prepare the
necessary ingredients, and finally delegate the cooking process
to a robotic agent.

In this process, the proposed system plays a central role.
When an unstructured intent is received, the intent layer per-
forms intent refinement to identify specific task requirements.
By referencing the real-time availability of agents based on the
environment perception, the system executes an automated
agent matching process and intent decomposition accordingly.
Given the relatively stable and small-scale nature of smart home
environments, the system utilizes the centralized task orchestra-
tion mode and selects the master-slave control pattern. There-
fore, the home steward agent acts as the master agent, respon-
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Figure 9. Schematic of large-small model collaboration mechanism

sible for intent processing at the intent layer and for generating
corresponding network policies according to the communication
requirements among slave agents, thereby ensuring reliable
communication during task execution.

Upon the successful formation of this task-specific subnet,
the slave agents collaborate to complete their respective sub-
tasks. After the overall task intent is fulfilled, the system sys-
tematically deallocates the dynamically configured resources
and dissolves the task-specific subnet.

2) Smart factory scenario

Manufacturing factories are undergoing a digital transforma-
tion toward device-level intelligence, as they evolve into highly
collaborative multi-agent networks. Consider a typical multi-
production-line manufacturing scenario: Several production
lines operate simultaneously, each managed by a dedicated
main control agent. Under each main control agent, different
types of agents are deployed to support production operations,
including order reception agents, diagnostic agents, and robot
agents. Meanwhile, the main control agents of different produc-
tion lines exchange information and coordinate their actions to
ensure balanced workloads and efficient collaboration across
the entire factory.

Through continuous environment perception, the system ob-
tains real-time information about the operational status of pro-
duction lines, the availability of equipment agents, and the
workload of embodied robots. Based on this information, the
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Figure 10. Two application scenarios of HaoNet: smart home and smart factory

system performs agent matching and intent decomposition, gen-
erating subtasks that are distributed to the corresponding agents
within each production line. Considering the relatively large
scale of industrial production systems and the need for both lo-
cal autonomy and global coordination, the system adopts a semi-
distributed task orchestration mode with a regional planning
pattern. In this architecture, each production line is managed
by its own main control agent responsible for local decision-
making and for generating corresponding network policies ac-
cording to the communication requirements among task agents,
while inter-line communication among main control agents en-
ables collaborative scheduling, load balancing, and global pro-
duction optimization.

After the task-oriented subnet for a given production objec-
tive is established, the agents within each production line col-
laborate to complete their respective subtasks under the coordi-
nation of the local main control agent. Diagnostic agents con-
tinuously monitor production conditions, and robot agents per-
form the required physical manipulation tasks. Meanwhile, the
main control agents exchange status information and coordinate
resource allocation across production lines to maintain system-
wide efficiency and stability. Through this mechanism, the pro-
posed system supports flexible and intelligent coordination
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across heterogeneous agents, thereby improving production effi-
ciency, operational reliability, and overall manufacturing adapt-
ability in smart factory environments.

6 Conclusions

Heterogeneous agent-oriented networking aims to enable an
interconnected and efficiently collaborative network for a large-
scale population of heterogeneous agents. Leveraging the techni-
cal strengths of intent-driven networking, the proposed control
system enhances networking effectiveness and task execution ef-
ficiency for heterogeneous agent-oriented networking, while en-
abling intent recognition, translation, and decomposition. By in-
corporating key technologies such as MAPE-K and the large-
small model collaboration mechanism, it offers a novel architec-
tural solution to advance future agent-oriented networking.
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