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LLMAGENTNET: A COLLABORATIVE NETWORK OF AUTONOMOUS
AT AGENTS FOR COMPLEX TASK EXECUTION

Recent advancements in Large Language Models (LLMs) have opened new horizons for building autonomous Al agents capable
of executing complex, multi-step tasks across a wide range of domains. Despite this progress, existing multi-agent systems often suf-
fer from limited interoperability and extensibility due to rigid communication protocols, closed ecosystems, and monolithic architec-
tural assumptions. To address these limitations, we introduce LLMAGENTNET — a collaborative, modular framework designed for
orchestrating multiple autonomous Al agents that leverage LLMs for planning, reasoning, and execution. The LLM AGENTNET fra-
mework is based on a decentralized agent architecture in which agents can communicate and collaborate using standardized RESTful
API calls. By utilizing the OpenAPI Specification, LLMAGENTNET enables seamless integration of both native and external agents,
including those developed using other frameworks or hosted on different platforms. Each agent in the system is capable of interpre-
ting high-level user requests, breaking them down into sub-tasks, selecting appropriate tools or agents for execution, and maintaining
contextual memory across task sequences. A distinctive feature of LLMAGENTNET is its hierarchical Agent Manager (Orchestrator),
which coordinates interactions, maintains execution trajectories, and optimizes the use of specialized agents. The system supports
multiple operational modes — Human-in-the-Loop, Human-on-the-Loop, and Human-out-of-the-Loop — enabling both supervised de-
velopment and fully autonomous operation. Notably, LLMAGENTNET includes a memory mechanism that allows agents to access
and update knowledge bases via vector databases (e.g., ChromaDB), supporting long-term memory, runtime variables, and contextu-
al reasoning. The framework has been benchmarked using standard datasets such as HotPotQA and in practical use cases such as
content marketing automation, demonstrating significant improvements in efficiency and quality over manual or single-agent appro-
aches. By enabling collaboration, reflection, and self-improvement among Al agents, LLMAGENTNET contributes to the development
of general-purpose intelligent systems and marks a critical step toward the realization of Artificial General Intelligence (AGI).

Keywords: Large Language Models (LLMs); Al Agents; Autonomous Systems; Multi-Agent Framework; Task Planning; Agent
Collaboration.

agents have demonstrated their ability to autonomously per-
form complex, multi-step tasks [6, 40, 43] by leveraging
LLMs to guide their decision-making processes. As a re-
sult, they have garnered attention from both technical ex-

Introduction / Bctyn

The rapid advancement of Generative Al [23, 26, 37]
has significantly influenced the development of Al agents,

enabling them to perform a wide range of complex tasks
with remarkable proficiency using Large Language Models
(LLMs [3, 5, 24]). These models, such as GPT-4, are highly
skilled in understanding and generating natural language,
making them indispensable for creating intelligent agents
capable of interacting with tools [27, 29, 31] and environ-
ments while receiving dynamic feedback [6, 15].

A longstanding goal in Al research is to develop agents
that can solve problems at a human level, exhibiting the ca-
pacity to generalize and adapt across a wide array of tasks.
LLM-powered agents, such as AutoGPT [34] and BabyAGI
[21], represent important steps towards this vision. These
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perts and broader audiences due to their potential to auto-
mate workflows and reduce human effort in areas like cus-
tomer service [30], programming [12, 14, 22, 40], and con-
tent creation [19, 38, 47].

One of the key strengths of LLM agents is their ability
to reflect [32, 43] and reasoning (ReAct [45]) strategies ba-
sed on real-time feedback from their environments. This in-
teraction enables them to continuously refine their strategi-
es and improve task performance, mimicking human adap-
tability in real-world scenarios. However, building truly
adaptive agents remains a challenge, as most LLM-based
systems still rely on static prompts and predefined behavi-
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ors, limiting their ability to learn from past experiences and
evolve dynamically. Unlike humans, who adjust their stra-
tegies based on feedback, most agents lack this crucial abi-
lity to adapt to changing environments.

The next frontier in Al research involves creating agents
that can learn and evolve through interaction, similar to hu-
man learning. BOLAA [17] explores various agent archi-
tectures and suggests employing a multi-agent framework
to break down and manage the complexity of tasks more ef-
fectively. Similarly, the Internet of Agents (IoA) [4] frame-
work introduces a flexible platform for dynamic collabora-
tion between diverse agents, further enhancing scalability
and adaptability in distributed environments.

This paper aims to address this challenge by proposing
an architecture for Al agents in multiagent systems (MAS)
[8, 9, 10] that leverages REST API requests as the primary
communication method. REST API, being a widely adopted
protocol, allows for seamless and scalable interactions bet-
ween agents in complex environments. Our proposed archi-
tecture supports both basic and automated modes, where a
single request can generate a multi-step plan, dynamically
adjusting during execution to improve decision-making and
task outcomes.

Building on frameworks like AgentLite [47] and
RestGPT [36], we integrate essential components such as
planner, executor, memory system, and communication mo-
dules to ensure robust planning, execution, and coordinati-
on among agents. These components work together to enab-
le the agents to handle more intricate tasks by continuously
refining their strategies based on real-time feedback.

Object of research — the use of a collaborative network
of autonomous artificial intelligence agents to perform
complex tasks.

Subject of research — is the set of architectural methods,
orchestration techniques, and communication tools used to
enable the integration and autonomous interaction of artifi-
cial intelligence agents in multi-agent systems in order to
enhance their scalability, adaptability, and practical applica-
bility in intelligent distributed environments.

The purpose of the research — the develop and validate a
collaborative architecture of Al agents within a multi-agent
system based on large language models, ensuring its effecti-
veness through experimental benchmarking and real-world
application.

To achieve this purpose, the following research objecti-
ves are identified:

e to design a modular and extensible agent infrastructure,
which will enable seamless integration of external tools and
services, thereby supporting system interoperability;

e to implement a hierarchical Agent Manager for task decom-
position and delegation, which will provide adaptive control
over dynamic task execution.

e to validate the architecture through standardized benchmarks
(e.g., HotPotQA) and real-world business applications,
which will ensure objective assessment of performance and
generalizability;

e to investigate various levels of agent autonomy — from hu-
man-in-the-loop to fully self-directed modes — which will
demonstrate the potential for workload reduction and pro-
ductivity enhancement;

e to introduce reinforcement techniques based on agent reflec-
tion, which will minimize execution errors and enable self-
improvement without human oversight;

e to apply the system in cognitive and business domains,
which will contribute to the development of multimodal Al
solutions, intelligent interfaces, and hypermedia-driven
applications.

These research directions not only demonstrate the fe-
asibility and efficiency of the proposed system but also
contribute to the advancement of intelligent interface de-
sign, the application of hypermedia technologies, and the
development of multimodal Al solutions for business and
cognitive computing tasks.

Analysis of recent research and publications. In the
study by [40], the authors introduced AutoGen, a pioneering
framework that demonstrates how Large Language Models
(LLMs) can engage in structured multi-agent conversations
to solve complex tasks through role-based collaboration.
The system enables the definition of agents with specific
roles (e.g., planner, executor, coder) and facilitates their
communication via scripted or interactive dialogue patterns.
However, the framework is limited by its reliance on pre-
configured agent roles and static communication templates,
reducing its adaptability for dynamic orchestration. Further-
more, integration with external tools often requires custom
code rather than standardized interfaces. In contrast, LLMA-
gentNet adopts a more extensible and modular design based
on RESTful APIs and OpenAPI schemas, supporting runti-
me flexibility and plug-and-play interoperability between
heterogeneous agents.

In the work of [18], the authors presented AgentLite, a
lightweight and extensible framework aimed at constructing
task-oriented LLM agents with an emphasis on modularity.
It separates memory, prompting, and action handling into
distinct components, enabling rapid prototyping and reuse.
While AgentLite promotes developer flexibility and sup-
ports hierarchical agents, it does not incorporate standardi-
zed communication protocols or schema-driven interaction,
and its coordination remains developer-centric. LLMA-
gentNet builds upon this modular foundation by integrating
schema-aware RESTful APIs, enabling real-time orchestra-
tion and standardized interaction across distributed agents
and services.

In their study, [36] proposed RestGPT, a framework that
bridges LLMs with real-world RESTful APIs using OpenA-
PI specifications and a coarse-to-fine planning mechanism.
This enables LLMs to reason over available APIs, generate
valid sequences of actions, and reduce hallucinations. Whi-
le RestGPT enhances the reliability of single-agent systems
interacting with external services, it lacks support for multi-
agent coordination or inter-agent workflows. LLMAgentNet
extends the ideas from RestGPT to a collaborative, multi-
agent environment by using OpenAPI both for API integra-
tion and as a unified communication interface between au-
tonomous agents.

The ReAct framework, introduced by [45], proposed a
method of interleaving reasoning (thoughts) and actions in
an iterative loop to enable dynamic problem solving within
a single LLM agent. By making intermediate reasoning
steps explicit, ReAct supports decomposition of tasks into
logical phases. However, it remains confined to single-
agent settings and often relies on hardcoded in-context
prompts. LLMAgentNet generalizes the ReAct paradigm by
distributing the reasoning — action loop across multiple
agents and enabling real-time exchange of outputs through
a shared memory mechanism, coordinated via RESTful and
schema-based interactions.

In the study by [29], the authors developed ToolLLM, a
model fine-tuned on tool-related instructions to enable
LLMs to autonomously access and utilize over 16,000
APIs. The system relies on a large indexed API database
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and performs tool retrieval and structured action generation.
While Tool/LLM demonstrates impressive scale and genera-
lization, it lacks mechanisms for runtime adaptation or in-
ter-agent collaboration. LLMAgentNet addresses these limi-
tations by incorporating dynamic feedback loops, enabling
agents to refine actions based on execution context, and
supporting real-time interaction among multiple agents.

In the work by [12], the authors introduced MetaGPT, a
multi-agent framework inspired by software development
practices. It uses a hierarchical structure where agents are
assigned fixed roles such as Product Manager or Developer
and collaborate via a shared memory. While this structured
workflow supports alignment and consistency, the rigid role
templates and lack of runtime extensibility limit its adapta-
bility in open-ended environments. LLMAgentNet, by
contrast, employs dynamic task composition through Ope-
nAPI-defined agent interfaces, allowing heterogeneous
agents to be orchestrated at runtime based on emerging task
demands.

In the work by [16], the authors introduced the effecti-
veness of large language models for query expansion in co-
de search. Language Models (LMs) are deep learning mo-
dels trained on massive amounts of text data. One of their
main advantages is their superior language understanding
capabilities. This study explores the application of Large
Language Models (LLMs) understanding capabilities in co-
de search query expansion. To this end, we collected a qu-
ery corpus from multiple data sources and trained multiple
LMs (GPT2, BERT) on this query corpus using a self-su-
pervised task. The trained LM models are then used to ex-
pand the input query. We evaluate the performance of these
LLMs on the CodeSearchNet dataset using two state-of-the-
art code search methods (GraphCodeBERT and CoCoSoda)
and compare these LLMs with currently popular expansion
methods. Experimental results show that LLM-based query
expansion methods outperform existing query reformulati-
on methods in most cases.

In their early-stage experiments, [34] and [21] develo-
ped AutoGPT and BabyAGI, which implement goal-driven
autonomous workflows using LLMs. These systems de-
compose tasks iteratively and use memory to guide future
actions. However, they lack standardization, modular integ-
ration mechanisms, and formal APIs for agent interaction.
Their orchestration logic is simplistic and does not scale
well for complex, multi-agent scenarios. LLMAgentNet for-
malizes these concepts by introducing schema-based plan-
ning and RESTful multi-agent communication, enabling
structured, scalable, and interoperable coordination.

In the study by [1, 2, 7, 13, 20], the emergence of agent
communication protocols such as MCP, A2A, ACP, and
ANP reflects an important effort to standardize agent inte-
roperability. These protocols offer features like peer disco-
very, schema negotiation, and structured messaging, prima-
rily through JSON-RPC. However, they often rely on rigid
schemas or predefined ontologies, limiting real-time adap-
tability and integration with external tools. LLMAgentNet
complements these approaches by abstracting communicati-
on through OpenAPI and HTTP-based microservice inte-
raction, allowing agents to discover and invoke services
dynamically, without being tightly coupled to specific pro-
tocol stacks.

In summary, while the emergence of modern communi-
cation protocols such as MCP, A2A, ACP, and ANP marks
significant progress toward interoperability in multi-agent
LLM systems, these efforts often rely on static schemas, ri-

gid messaging semantics, or tightly coupled communication
stacks that limit adaptability at runtime. In contrast, LLMA-
gentNet introduces a novel, framework-agnostic approach
that leverages RESTful APIs and machine-readable Ope-
nAPI specifications to enable dynamic discovery, orchestra-
tion, and plug-and-play integration of heterogeneous agents
and tools. Rather than replacing existing protocols, LLMA-
gentNet complements them by abstracting protocol comple-
xity through standardized web interfaces, offering greater
flexibility, extensibility, and accessibility for real-world
deployment. This distinct capability to support runtime con-
figuration, protocol-agnostic communication, and seamless
interoperability across agent ecosystems clearly highlights a
gap in current research and underscores the necessity and
originality of the proposed framework.

Research results and their discussion /
Pe3ysibTaTH J0C/IiPKEHHS Ta iX 06roBOpPEeHHSA

The development of Al agents within multiagent sys-
tems (MAS) has been a rapidly evolving field, driven by the
advancements in Large Language Models (LLMs) and the
need for more sophisticated and cooperative Al solutions.
This section reviews the significant contributions to the fi-
eld, highlighting the frameworks, theories, and practical
implementations that have shaped current MAS research
(Tab. 1). A comparative overview of these protocols is pro-
vided in Table 1, highlighting key differences in communi-
cation models, extensibility, and orchestration capabilities.

Al Agent Frameworks. Several frameworks have been
pivotal in the development of Al agents, particularly those
leveraging LLMs. AgentLite is one such framework that
simplifies the creation and orchestration of task-oriented
agents. It focuses on lightweight code architecture and hi-
erarchical multi-agent systems, allowing for easy customi-
zation and integration of various agent components such as
prompts, memory, and actions. RestGPT, another notable
framework, integrates LLMs with RESTful APIs to handle
complex instructions through a coarse-to-fine online plan-
ning mechanism. It addresses the challenges of API un-
derstanding, planning, and response parsing, showcasing
superior extensibility and flexibility compared to other tool-
augmented LLMs.

Theoretical Foundations. Theoretical advancements in
MAS include the Extended Coevolutionary (EC) Theory,
which incorporates coevolutionary dynamics, adaptive lear-
ning, and LLM-based strategy recommendations to model
and analyze interactions among heterogeneous agents. This
theory goes beyond traditional game theory by addressing
diverse interactions and learning capabilities among agents,
promoting cooperative behavior and system robustness.

Game theory remains a foundational framework for un-
derstanding strategic interactions within MAS. Concepts li-
ke Nash Equilibrium and Stackelberg Equilibrium have be-
en applied to optimize task allocation and decision-making
processes among agents. However, challenges such as defi-
ning appropriate payoff structures and achieving equilibri-
um states efficiently continue to spur ongoing research.

Research Directions. The integration of feedback mec-
hanisms in MAS is a critical area of research, aiming to
enable agents to learn from their interactions and adapt their
strategies for better performance. Both inter-agent and self-
feedback mechanisms are being explored to enhance the le-
arning and decision-making capabilities of agents within a
multi-agent environment.
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In summary, the research and development of Al agents
in multiagent systems have significantly advanced through
frameworks like AgentLite and RestGPT, theoretical mo-
dels such as EC Theory, and practical implementations in

dynamic and collaborative environments. These contributi-
ons continue to push the boundaries of what MAS can achi-
eve, paving the way for more sophisticated and resilient Al
systems.

Table 1. Comparison Table: Al Agent Frameworks and Protocols (based on the authors' own experimental results) /
[opiBHsutbHA TabMuUIE: PpeitMBopky Ta npotokoiu arentis LI (BracHi y3araibHEHHS! HA OCHOBI @aBTOPCHKOTO aHAIII3Y JKepe)

Al Agent Frameworks Protocols
Model Exten-| Schema | Context | Multi-to- | Real- Num. of | Feed- IXU;E; frgéz Code Pluc- Agent Plan-
dabi- | Communi- | Optimi- | ol Scena-| world : & Gene- £ Me- .
. . . . Tools | back |Orchestr|Genera- . |n-Play ning
lity cation zation rio API . . ration mory
ation tion
ReAct X | Specialized| X X X 3 v X X X v X | Online
CrewAl v | Specialized X v v 70  |Human| X v v X X
HuggingGPT v [HuggingFaceg X v v 28 X X X X v v |Offline
API-Bank X | Specialized | X X v 53 |Human| X X X v X X
Toolformer X | Specialized X X X 5 X X X X X X X
GPT4Tools X | Specialized| X X X 31 |Human| X X v X v X
ToolBench v JSON X v v 232 |Human| X X X v X v
AutoGPT v | Specialized X v v 81 |Human| X v v v v
MetaGPT 4 JSON X 4 X 90 v v v v v X v
BabyAGI X JSON X X X 7 X X X 4 X X v
v Agent .
MCP (Model- JSON/ Tool-ag- Exter- Opti-
ContextProtocol) v OAS (Prompt v v nostic Feed- v v nal v onal v
Linking) back
A2A v (Lin- Proto-
(Agent2Agent by| v JSON-RPC ked Con- Protocol- v Proto- [System v col Le- Exter- v X v
2.0 level col-only| -level nal
Google) texts) vel
ACP (Agent Proto-
Communication | v/ REST X Limited | v col-onl X X X X X X X
Protocol by IBM) Y
ANP (Agent Net-) -, JSON+ x | v |Modular| x | v | v | v | v | x| «x
work Protocol) Type
LLMAGENTNET | v | REST | v A A e B A A A S A
Plan Package Pool
———— #* Execution Module
‘ 'Y [ J H (Agent/Tool Hub
pmivetion | € C C
lzEe @i X X
Developer WP API Serp API
Agent Tool Tool
/
Interactmn Plggrrl‘er O O ,
Designer Marketing LinkedIn API
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@

- Previous tasks executions
+Long term memory
- Static instructions

l

@ Software Developer Agent
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Figure 1. The illustration of the conceptual workflow of task decomposition and execution (authors' own illustration) / Iiroctpartist KoHIer-
TYyaJIbHOr'0 POOOYOro MPOLECY JEKOMITO3HIIIT Ta BAKOHAHHS 3aB/IaHb (aBTOPChKa PO3pO0Ka)

Architecture of AI Agent in Multiagent Systems. To
construct an effective Al agent within a multiagent system
(MAS), several essential components must work together to
ensure robust task planning, execution, and communication.
Each of these core components plays a critical role in enab-
ling agents to handle tasks autonomously, while still being
able to collaborate with other agents. The following secti-
ons will outline these key components in more detail (based
on the authors' own analysis and system design) (Fig. 1):

1) Planner: The Planner is responsible for breaking down
complex tasks into a series of smaller, manageable actions.
It generates a detailed plan for each task, allowing the
agent to follow a structured workflow.

2) Executor: Once a plan is created, the Executor carries out
each action step-by-step. It ensures that the task is executed
in alignment with the plan, interacting with external
systems and other agents as needed.

3) Memory: The Memory component stores past actions, deci-
sions, and results. This allows the agent to reference histo-
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rical data, improving decision-making by learning from

previous experiences.

4) Communication Module: Effective communication between
agents is critical for collaboration. The Communication
Module ensures smooth information exchange and coordi-
nation, allowing agents to share data and request informati-
on from one another.

5) Agent Manager: The Agent Manager oversees the operati-
ons of multiple agents, assigns tasks, monitors progress,
and ensures all agents work efficiently towards the collecti-
ve goal.

Figure 1 illustrates the task workflow in a multiagent
system. It begins with a task request, where the system,
using an LLM, creates a plan with multiple action items.
The agent then executes each action step-by-step, saving
and verifying the results after each one. The plan is updated
in real-time if needed. Once all steps are completed, the
agent finishes the process and informs the user, with the
ability to autonomously generate new plans for continuous
execution.

Planner. The Planner serves as the brain of the Al
agent, tasked with breaking down complex, high-level user
requests into smaller, manageable sub-tasks. It leverages
the powerful natural language processing capabilities of
Large Language Models (LLMs) to generate detailed and
actionable plans, guiding the agent step-by-step through
task execution. The workflow of the Planner module is cle-
arly shown in Figure 2, which guides us through each step —
from receiving a user request to generating and executing

m /agent/copywriter

tasks. This visual flow makes it easier to understand how
the Planner organizes and manages tasks (Fig. 2).
PLANNER

O connected I
e
C
N:([l Generate Execution Plan (API/Tool Selector) m
)
=

\CE Decompose and create valid JSON of Action Items %H_)\\

J

-
(

\¢) Set tasks to Execution List H Prepare Plan Presentation @}\
oy [

O connected

Figure 2. Visual flow of the Planner module, from user request to
task execution (author's own illustration) / BizyanpHuii motik
MoyJist [InanyBasibHUK: BiJ] 3aIIUTy KOPUCTYBaya 10 BUKOHAH-
HJ 3aBJaHb
To create the plan, the Planner must be aware of all ava-

ilable tools and agents, represented as REST APIs, that as-

sist with each step. These tools are described using the

Open API standard, detailing their purpose, usage, and pa-

rameters. The Planner uses a custom prompt (see Appen-

dix) that combines the user's request with the list of availab-

le tools in JSON format. This standardized approach ensu-

res that the system can easily manage, integrate, and extend
new tools or agents as needed.

An Al agent that are expert in copywriting and can create the best articles, blog posts, news or any other type of content. Work

closely with Marketing Manager to brainstorm on solutions.

Parameters

No parameters
Request body

content post created
Schema

{
"request": "Write a good article on the topic",
"media”: “"string",

"links": "string",
"buyer_persona": "Thomas Green - Chief Technology Officer (CTO) Thomas is a CTO in a large enterprise, focusin
g on Generative AI integrations for operational efficiency and customer service improvement. He seeks Generative

Try it out

application/json v l

AI solutions that offer customization to meet specific business needs.",

"outline": "string",

"keywords": "Enterprise AI, Open AI, GPT, Software developer"”,

"guidelines": "string",
"originalArticle": "string"

Responses

Code Description

201 content post created

400 invalid input, object invalid

409 an existing content post already exists

Links

No links
No links
No links

Figure 3. Structure of a Tool/Agent using the OpenAPI Specification (author's own illustration) / CtpykTypa iHCTpyMeHTY/areHra 3 BUKO-

pucranssiM criermdikaitii OpenAPI (aBropcbka po3podka)

Each Tool/Agent in the system is defined using the Ope-
nAPI Specification, which provides the necessary metadata
for proper functionality within the multi-agent system. This
metadata includes details about when a tool should be used
and how it operates, ensuring that the LLM can select the
appropriate tool for each step in the plan.

Once the tool or agent is chosen, the LLM constructs
the request payload by referencing the OpenAPI Specifica-

tion, which outlines key elements such as the parameters,
method, and URL required to interact with the tool. This
structured approach ensures seamless integration and effici-
ent task execution by automating how requests are created
and sent.

In Fig. 3, we can see a clear example of how a Tool/
Agent is described using the OpenAPI Specification. It
shows the necessary information for selecting and interac-
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ting with the tool, including request structure, parameters,
and expected responses. This design allows the system to
flexibly adapt to new tools and extend its capabilities as ne-
eded. Further details on how these interactions are executed
will be explored in the Execution Module, where we will
cover the process of handling requests and responses in gre-
ater depth.

After generating the plan, it is converted into an acti-
onable array of steps and saved in JSON format. This ensu-
res that the system can process and execute each step effici-
ently and in the correct sequence. Once the plan is comple-
te, it is stored in the global state and added to the execution
queue, allowing the system to manage when and how each
task is executed. Some tasks are performed immediately,
while others may be scheduled for future execution based
on the plan's meta information, such as timing or specific
conditions.

The structure of the Plan Package and its tasks is vis-
ually outlined in Figure 4, providing a clear representation
of how tasks are organized, executed, and tracked within
the system (Fig. 4).

4 Plan Package
plan_id: @
user_request: Create landing page for...
status: in_progress
sender_id: @
execution_date: 26.09.2024 14:35

tasks: [task1, task2, task3, ...]
N
¥ Task
task_id: @1

task: Work with Marketing Agent to...
status: in_progress
dependency: -1
dependency_instructions: no_dependencies
action_payload:
url: https://agents/marketingAgent
method: POST
parameters: [param1, param2, ...]
execution_results: {...}

Figure 4. Structure of a Plan Package and its tasks (author's own il-
lustration) / CTpykTypa Makery IuiaHy Ta Horo 3aBIaHb

This structured approach allows the multi-agent system
to manage tasks flexibly, ensuring both immediate executi-
on and future scheduling when necessary. It optimizes task
management, making the system scalable and adaptable to
real-world applications.

Executor. The Executor plays a crucial role in carrying
out the tasks defined by the Planner, executing them by in-
teracting with external APIs and other agents. It is the most
computationally demanding part of the system, as it proces-
ses each task and ensures that the appropriate Tool/Agent is
used for the execution.

Once a plan is generated, the Executor begins by iden-
tifying the next incomplete task. It uses the OpenAPI Speci-
fication to gather detailed information about the Tool/Agent
that was pre-selected during the planning phase. Before
proceeding, the Executor validates that the selected To-
ol/Agent is still appropriate for the task, checking the re-
sults of previously executed steps in the current plan. This
validation helps the system stay flexible and responsive to
changes as tasks are executed (Fig. 5).

With the tool verified, the LLM model generates the
payload required to call the Tool/Agent. The model uses the

task details and metadata from the OpenAPI Specification
to produce a valid JSON request, ensuring all necessary pa-
rameters and data are correctly formatted. This payload ser-
ves as the input for the API call to the external agent or tool
(Fig. 6). The Executor then makes the API call using the
generated request. Upon receiving a response — usually in
JSON format — the system extracts the relevant information
from the response, filtering out any unnecessary or redun-
dant data. The extracted data is used to update the system's
memory and inform future tasks in the plan.
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Save new Plan with ~15 action items J [Update Plan
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Figure 5. The illustration of the conceptual workflow of task decom-
position and execution (author's own illustration) / Imrocrpartist
KOHIIENTYaTbHOI0 POO0YOro MPOLECY ACKOMITO3HUIIT Ta BUKO-
HaHHsI 3aB/IaHb

This process is illustrated in Figure 6, which shows the
step-by-step flow of how the Executor handles each task,
from retrieving the plan and generating the API payload, to
executing the API call and updating the plan. The figure
highlights the integration of LLMs and how they aid in ge-
nerating requests, handling responses, and managing task
execution efficiently. If any issues arise during execution,
such as errors in the API response, the Executor can prompt
the LLM model to assist in interpreting or correcting the
response. This ensures the system can handle unexpected
errors or exceptions gracefully.

Once the task is successfully executed, the plan is upda-
ted, and the task is marked as completed. The Executor then
moves on to the next task, repeating this process until all
steps in the plan are completed. By iterating through the
tasks and continuously verifying and executing them, the
Executor ensures smooth operation and real-time updates,
enabling the system to dynamically adapt to new situations
as they arise. In essence, the Executor not only handles the
task execution but also ensures the proper flow of informa-
tion, validates responses, and updates the system's memory,
making it a critical component for the overall success of the
multi-agent system.

Memory. The Memory Module is a crucial component
within LLMAGENTNET, providing agents with a persistent
and structured memory that allows them to manage
complex tasks effectively and learn from past interactions.
This module serves multiple critical functions, from trac-
king previous task results to maintaining a continuously up-
dated registry of available agents and tools within the multi-
agent system.
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Task Execution Memory. One of the primary roles of
the Memory Module is to maintain continuity across task
executions. By storing the outcomes and details of each
completed task, agents gain contextual awareness, allowing
them to make informed decisions based on previous results.
This continuity reduces redundant processing, as agents can
recall relevant information rather than reprocessing identi-
cal or similar tasks. For complex, multi-step workflows,
this memory function ensures that agents can adapt their
approach based on historical data, enhancing task efficiency
and precision.

Runtime Variables as Memory. A unique feature of the
Memory Module in LLMAGENTNET is its use of runtime
variables as memory, which addresses token and context li-
mitations common in Large Language Models (LLMs).
This approach optimizes communication between Al agents
in a Multi-Agent System (MAS) by reducing the data pay-
load during task execution, allowing agents to work effici-
ently within LLMs' token constraints, as shown in Fig. 7.

@ Software Developer Agent

Agent Prompt + Task Instr.

>
[e}
LLM
’& ENV g
S
Actions ’ @ Internet :;:,

Figure 7. Single Agent architecture and memory modules (author's
own illustration) / ApxiTeKkTypa OJHOr0 areHra Ta MOy
mam'sti (aBTopchka po3podka)

LLMs, despite their powerful processing capabilities,
have fixed token limits that restrict the amount of informati-
on they can handle in a single prompt. By using runtime va-
riables, LLMAGENTNET can work around these limitations,

efficiently managing data that exceeds the context window

(Fig. 8).
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Figure 8. The method reduces payload size by 7.5 x, optimizing da-
ta transmission and fitting within context limits (author's own il-
lustration) / Meton 3MeHIIye po3mip faHux y 7.5 pasiB, ONTUMI-
3yIOYH [epe/iauy Ta BMIICHHS Y MEXi KOHTEKCTY

Let T7; represent a specific task in a sequence of tasks
{T\, T5,..., T,}, where each task T; has an associated result
R; and a set of runtime variables V; relevant to that task. To
retain essential data while minimizing payload size, the me-
mory module follows these steps (authors' own approach):
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1. Extract and Summarize Variables — after the execution of
each task 7, a subset of variables V;= {v,|, via, ..., Vis} 1S
extracted. The variables are summarized to form a repre-
sentation S;, where S; = f(V;) and f is a summarization
function that compresses relevant data for efficient use wit-
hin the token limit.

2. Store Variables in Runtime Memory — each summary Si
and the corresponding result Ri are stored in runtime me-
mory M, which is managed by Node.js. The memory state
M at any given time can be represented as: M = {(Ty, S,
R)), (T5, Sy, Ry),..., (T}, S;, R;)} where each entry (T}, S, R;)
allows agents to recall and reference prior executions effi-
ciently.

3. Select Variables for Payload — before executing the next
task 7;.;, the Al agent selects relevant variables from me-
mory M using a prompt to retrieve the required summaries.
The set of selected summaries {S;} where j < i forms the
payload P: P= {S]|j<iandS;is relevant to 7;.,}.

4. Fulfill Payload with Pointers — for efficient data transmissi-
on, the payload P uses pointers p, instead of full data sets,
reducing the total payload size. Let p, represent a pointer to
data d; stored in runtime memory: P = {p; | d; € M} where
dy is accessed in its entirety only if needed by 7., reducing
token usage.

This runtime variable method is critical for LLMA-
GENTNET's performance, as it ensures that agents can
handle extensive workflows without exceeding token or
context limits. By dynamically managing memory in this
way, agents can adapt to complex, multi-step tasks with mi-
nimal latency and increased efficiency, paving the way for
scalable and high-performance multi-agent collaboration.

Agent Registry Memory. In addition to tracking task
history, the Memory Module is also integrated with the
OpenAPI Specification to create a real-time registry of all
active agents in the system. Each time a new agent is regis-
tered or an existing agent is updated, the memory module
records these changes. This updated registry allows the
Agent Orchestrator to maintain a clear map of available
agents, including details on how to communicate with each
one, ensuring smooth and coordinated interactions across
the network.

In-Agent Memory with RAG Architecture. Each agent
also has its own internal memory module powered by a
Retrieval-Augmented Generation (RAG) architecture,
which allows it to access and retrieve memory data from a
vector database such as ChromaDB. This in-agent memory
is tailored to the specific requirements of the agent, enab-
ling it to retrieve relevant task information or agent interac-
tions with high efficiency. By leveraging RAG, agents can
perform targeted information retrieval from ChromaDB,
which stores data in vectorized form for rapid and accurate
access.

The Memory Module thus not only enhances the auto-
nomy and adaptability of individual agents but also
strengthens the overall coordination and scalability of
LLMAGENTNET. By structuring memory in a way that is
accessible, persistent, and updatable, the framework allows
agents to operate effectively in dynamic, multi-agent envi-
ronments, continually improving performance with each in-
teraction.

Communication Module. In LLMAGENTNET, commu-
nication between Al agents is based on the HTTP protocol,
enabling seamless interaction across systems and easy in-
tegration with external tools and services via REST APIs.
This setup allows agents to not only interact with each other
but also connect with agents built on different frameworks,

making LLMAGENTNET versatile and adaptable for
complex multi-agent systems.

Each AI agent operates at a unique addressable endpo-
int, which may be hosted on a dedicated virtual machine or
shared across multiple agents on a single server, depending
on resource needs. This flexibility allows for efficient sca-
ling and independent management of each agent.

Agents within LLMAGENTNET can call other agents or
external tools via API, creating an interconnected network
capable of executing complex, distributed tasks. When an
agent needs to interact with another, it constructs a payload
for the API call based on the OpenAPI Specification and
History of Executions.

To ensure precision and contextual relevance, LLMA-
gentNet uses the GPT-40 model from OpenAl to generate
payloads for API calls. The LLM references the OpenAPI
Specification for each target agent or tool, identifying req-
uired parameters, endpoint URLs, HTTP methods, and he-
aders. Additionally, it considers the History of Executions,
which provides context from previous interactions, allo-
wing the payload to incorporate relevant data and avoid re-
dundancy.

Below in Prompt Template 1 is a prompt used to
instruct the LLM for payload generation, ensuring clarity
and adherence to API specifications:

Prompt Template. Prompt for generating payload to
run API calls. You are a helpful assistant. Given a user's
question and API tool documentation, output parameters
according to the API documentation to successfully call the
API to solve the user's question.

Note:

1. Use examples in the API tool documentation to understand
the API better.

2. Ensure the output contains all required parameters, and add
optional parameters if relevant to the question. If no para-
meters are needed, return { "Parameters": {} }.

3. Only consider the provided API tool documentation, igno-
ring mentions of other APIs.

4. Task dependencies are provided in logs from previous qu-
estions and answers.

5. Use availableDataVariables from previous task logs as pa-
rameters, using variable keys that start with $. Avoid in-
venting keys if no available variables match.

6. Use keySummary to understand how to utilize $key but not
as a parameter.

7. Always output valid JSON format, for example:
json
Copy code
{"URL": "API url", "Method": "API HTTP Method",

"Parameters": {"input": [1,2,3]}}

Logs of previous tasks: ${msg?.background}

Current question: $ {msg.current task object.task}

Main question: ${msg.current execution_plan.user req-
uest}

API Documentation:

e base URL: ${msg.selected APIURL};
e endpoint: ${msg.selected APIDoc};

Output should be valid JSON.

Output:

Agent Manager. In LLMAGENTNET, the Agent Mana-
ger, also known as the Orchestrator, plays a critical role in
coordinating tasks across the multi-agent system. This
agent is responsible for determining which tasks will be
handled by which tools or agents, managing the distribution
of responsibilities in a dynamic, multi-agent environment.
The Orchestrator routes data, delegates tasks, and ensures
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that each agent or tool receives the necessary parameters
and context for successful execution.

The Agent Manager is designed to create a hierarchical
multi-agent system. It decomposes complex tasks into
smaller, manageable sub-tasks and assigns each sub-task to
the most suitable agent or tool in the system. This hierarchi-
cal design allows the Orchestrator to leverage the capabiliti-
es of specialized agents, optimizing efficiency and enabling
agents to function as specific "actions" within a larger task
execution framework (Fig. 9).

As shown in Figure 9, the system includes multiple spe-
cialized agents — JavaScript PRO, Python PRO, and Node-
RED PRO - each equipped with its own vector database
serving as a memory module. These vector databases store
the agent-specific knowledge, allowing each agent to reta-
in, retrieve, and update information relevant to its speciali-
zation. For instance, the JavaScript PRO agent stores all
JavaScript-related knowledge, while the Python PRO and

Internet: Node-Red Examples,JS Stack Overflow
Best practices, Guidelines, Code Specification and Rules
Internal Examples from Human Developer

Node-RED PRO agents retain expertise in their respective
Crawler

fields.
7
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Figure 9. [llustration of the Agent Manager's role in coordinating specialized agents (author's own illustration) / Pons MeHemkepa areHriB y

KOOP/IMHALIIT CIIeliai3oBaHuX areHTiB (aBTOPChKa PO3po0Ka)

The Agent Manager uses these vector databases strate-
gically to enhance system performance. During task execu-
tion, the Orchestrator can access the Dynamic Knowledge
Data Manager, which compiles knowledge from various so-
urces like online resources, best practices, and internal
examples. The Agent Manager then decides which know-
ledge should be added to a particular agent's vector databa-
se, ensuring that each agent's knowledge base remains rele-
vant and up-to-date. This approach allows agents to learn
and improve autonomously, as knowledge can be updated
continuously based on task outcomes.

Additionally, the Orchestrator evaluates the context of
each task and directs the request to the most suitable agent.
If the task requires knowledge beyond an agent's existing
database, the Orchestrator can instruct the agent to retrieve
updated knowledge from external sources or other agents'
databases. This system of modular, specialized agents eq-
uipped with dedicated knowledge stores makes LLMA-
gentNet highly adaptable and capable of handling complex
workflows with efficiency.

AI Agent work modes. In LLMAGENTNET, the concept
of work modes is essential for balancing automation with
human oversight and ensuring flexibility during both deve-
lopment and deployment. The system supports three pri-
mary work modes: Human-in-the-Loop, Human-on-the-Lo-
op, and Human-out-of-the-Loop. Each mode offers a diffe-
rent level of human involvement, which is crucial for tes-
ting and refining agents, evaluating their decision-making
processes, and managing complex workflows.

These work modes not only allow for greater control
and adaptability but also play an important role in debug-
ging and optimizing the multi-agent system. During deve-
lopment, agents can be tested in isolation, at a granular task
level, or within a collaborative environment to observe how
they interact with one another. This flexibility enables de-

velopers to iteratively improve each agent's functionality,
ensuring robust performance before full autonomy is deplo-
yed (Fig. 10).

&

IN THE LOOP ON THE LOOP OUT OF THE LOOP
Figure 10. llustration of the three work modes of Multi-Agent
System (author's own illustration) / Litoctpattist TphOX peXKiMiB
pOOOTH MyJIBTHATEHTHOI CHCTEMH (aBTOPChKa PO3pOOKa)

The work modes also serve as a foundation for scaling
up system autonomy. While Human-in-the-Loop and Hu-
man-on-the-Loop modes enable supervised and semi-super-
vised operation, Human-out-of-the-Loop mode allows
agents to operate independently, autonomously generating
and executing plans aimed at high-level goals. This prog-
ressive structure is crucial for building a reliable multi-
agent system that can function effectively in both controlled
and fully autonomous scenarios.

Human-in-the-Loop. In Human-in-the-Loop mode, hu-
man intervention is required at specific points within the
task execution process. This mode is ideal for tasks that are
either too complex for full automation or require validation
to ensure accuracy. In this setup, agents can autonomously
process portions of the task but will pause at designated
checkpoints, awaiting human approval before proceeding to
the next stage.

This approach enhances control and accuracy in situati-
ons where the stakes are high or where nuanced decision-
making is essential. For example, in a content creation pipe-
line, an Al agent might draft initial content and then require
a human to review and approve it before publishing.
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Human-on-the-Loop mode provides a balance between
autonomy and oversight, where the system operates autono-
mously but a human monitors the overall process, ready to
intervene if necessary. This mode is designed to reduce the
need for constant human supervision while still allowing
human operators to step in if errors or unexpected conditi-
ons arise.

In LLMAGENTNET, Human-on-the-Loop mode is parti-
cularly useful for multi-step tasks where agents collaborate
to accomplish a goal. The Agent Manager handles task de-
legation and decision-making autonomously, but a human
operator can observe progress and step in if an agent enco-
unters an unexpected situation or if adjustments are needed.
This mode is especially suitable for scenarios that require
responsiveness but where tasks are generally well-defined
and predictable.

Human-out-of-the-Loop mode is the most advanced
and autonomous operational mode within LLMAGENTNET.
In this mode, Al agents not only execute tasks based on a
predefined plan but also continuously generate new plans to
achieve high-level, long-term goals without human supervi-
sion. This mode leverages the reward-based method from
Reinforcement Learning (RL) to provide each agent with a
"north star" objective, guiding the direction and purpose of
their autonomous actions.

In Human-out-of-the-Loop mode, agents are equipped
with a scoring mechanism to measure progress toward ove-
rarching goals. Each action or plan contributes to a cumula-
tive reward, motivating agents to make decisions and create
new plans that maximize their reward over time. This re-
ward system serves as an intrinsic feedback loop, helping
agents evaluate which strategies bring them closer to their
objectives and adaptively refining their approach based on
past performance.

By using a Reinforcement Learning reward mechanism,
LLMAGENTNET enables agents to work beyond individual
user requests, autonomously seeking ways to improve their
performance and achieve higher scores. Each agent's beha-
vior is aligned with its reward structure, meaning that every
decision is made with the goal of accumulating more po-
ints, ultimately driving the agent toward continuous impro-
vement and efficient task execution. This approach allows
agents to operate effectively in complex environments whe-
re predefined task sequences may be insufficient, encoura-
ging them to innovate and discover new paths toward their
objectives.

For example, an agent might start with a high-level go-
al, such as "increase engagement on social media", and au-
tonomously generate a sequence of tasks aimed at achi-
eving this goal. It could plan, execute, and evaluate multip-
le strategies — such as posting at different times, experimen-
ting with content styles, or targeting various audience seg-
ments — adapting its approach based on feedback and accu-
mulating rewards as it learns what works best.

In this mode, the Agent Manager plays a supervisory ro-
le by monitoring the agents' progress, analyzing reward ac-
cumulation, and adjusting the agents' objectives as needed
to align with broader system goals. The agents, however,
operate with full autonomy, continuously iterating on their
plans and pursuing actions that maximize their long-term
reward.

Human-out-of-the-Loop mode not only enables autono-
mous task execution but also fosters goal-oriented, self-di-
rected learning within the multi-agent system. Through this

mode, LLMAGENTNET demonstrates the potential for
agents to evolve independently, learn from each outcome,
and make progress toward complex, high-level objectives,
setting the stage for increasingly sophisticated and resilient
multi-agent collaboration. This ability to pursue high-level
goals without human oversight represents a significant step
toward realizing scalable, intelligent systems that can adapt
to evolving challenges and operate in real-world environ-
ments with minimal human intervention.

To evaluate the effectiveness and robustness of LLMA-
GENTNET, we conducted benchmarking tests across various
established datasets and scenarios. These benchmarks,
including HotPotQA and TaskBench, provide a standardi-
zed way to assess the system's performance in handling
complex, multi-step tasks and answering intricate questi-
ons. By using these benchmarks, we aimed to measure the
system's accuracy, efficiency, and adaptability in diverse
environments, highlighting the capability of Al agents to
operate autonomously while achieving high-level goals.

To assess the multi-hop reasoning capabilities of
LLMAGENTNET, we used the HotPotQA dataset, a bench-
mark specifically designed for evaluating question-answe-
ring systems that require reasoning across multiple docu-
ments. This dataset presents a challenging environment for
agents, as they must retrieve, integrate, and reason with in-
formation from various sources to arrive at accurate
answers. Such a process mirrors the complex, multi-step re-
asoning required in real-world applications.

In our evaluation, LLMAGENTNET was tested on key
metrics like F1-Score and Accuracy. These metrics help
gauge the precision and correctness of the system's respon-
ses. By measuring performance on HotPotQA, we could
evaluate how effectively LLMAGENTNET decomposes qu-
estions, selects relevant information from multiple sources,
and synthesizes this information to generate a coherent
answer (Tab. 2).

Table 2. Performance of LLMAGENTNET on HotPotQA (based on
the authors' own experimental results) / Pesynpratu LLMA-
GENTNET Ha HotPotQA (BiiacHi ekcriepuMeHTabHi JaHi aBTOPiB)

Easy Medium Hard

LLM Fl- | Accu- | F1- | Accu-| FI1- | Accu-

Score | racy | Score | racy | Score | racy

GPT-3.5 0.310 | 0.30 | 0.230 | 0.20 ] 0.213 | 0.20

GPT-40 0.525 | 0.42 | 0.544 | 0.49 | 0.427 | 0.33

Claude Sonnet | 0.512 | 0.41 | 0.510 | 0.43 ] 0.420 | 0.32

Claude Haiku | 0.490 | 0.39 | 0.500 | 0.42 [ 0.430 | 0.34

Gemini 1.5 Pro] 0.522 | 0.40 | 0.541 | 0.41 | 0.455 | 0.31
Through this benchmarking, LLMAGENTNET de-

monstrated its capability in handling tasks that require
complex, multi-document reasoning, a critical feature for
autonomous systems aiming to perform high-level informa-
tion synthesis and decision-making without human inter-
vention.

Al Agent Benchmarking in Content Marketing. To
evaluate the real-world application and efficiency of
LLMAGENTNET, we conducted a comprehensive experi-
ment in the field of content marketing. This experiment
aimed to benchmark the system's ability to automate the en-
tire content creation pipeline, from topic research to publis-
hing, demonstrating its effectiveness in a practical, high-de-
mand environment.

Experiment Setup. The experiment involved creating
around 400 content-rich blog pages on WordPress, simula-
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ting a large-scale content marketing campaign. Each page
required multiple steps, including topic analysis, content
drafting, image generation, content formatting, and publica-
tion on WordPress. Traditionally, this workflow would req-
uire substantial manual effort and time, even with Al tools
like ChatGPT.

Comparison with Manual Content Creation. In a man-
ual setup, content creators typically spend 25-30 minutes on

Fully

Automated

Al Agent +
Reflection

s Human Hours
= Al Hours

Al Agent +
Human Input

Manual +
ChatGPT

Hours|

a) 0 25 50 75 100 125 150 175

each blog post, even with the help of ChatGPT. This time
includes analyzing competitor content, generating unique
text, creating an image, structuring the content, and publis-
hing it on WordPress. For an organization aiming to produ-
ce hundreds of pages, this time investment becomes a signi-
ficant constraint, limiting scalability and increasing costs
(Fig. 11).

Automated = Al Cost
Al Agent +
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Al Agent +
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Figure 11. Comparison of working hours (a)vand costs (b) for 3 scenarios / [TopiBusiHHs po6ouoro yacy (a)ta Butpar (b) y 3 cueHapisix

In contrast, with LLMAGENTNET, the entire process of
creating and publishing a blog post was triggered by a
single user request. Once the request was submitted, the
multi-agent system autonomously handled each step,
completing the full workflow in approximately 30 seconds
to 1.5 minutes per blog post. This remarkable time effici-
ency showcases LLMAGENTNET's ability to scale content
production dramatically, reducing time and resource expen-
diture by automating traditionally labor-intensive tasks.

System Performance Metrics. Throughout the experi-
ment, LLMAGENTNET generated around 20,000 messages
containing execution results and operational logs. Each
content creation task was broken down into an average of
5-7 steps, with 3-4 specialized agents collaborating to ac-
complish each task. These agents included those dedicated
to content research, text generation, image creation, format-
ting, and publishing. By dividing responsibilities among
multiple agents, LLMAgentNet was able to handle complex
tasks that typically require specialized human skills.

Efficiency Gain Calculation: Manual vs. Automated
with AI Agent. This experiment demonstrates the efficiency
and quality improvements LLMAgentNet brings to content
marketing compared to manual methods (even with
ChatGPT assistance). By evaluating three setups — manual
content creation with ChatGPT, Al agent-driven automati-
on, and Al agent automation with an added reflection step —
we assess gains in productivity, quality, and cost-effective-
ness (Tab. 3).

Here is a detailed description of each scenario:

1. Manual Content Creation with ChatGPT:

® time per Blog Post: 25-30 minutes;

o total Time for 400 Blog Posts: 166-200 hours;

® crror Rate: Estimated at 15-20 % due to varying human in-
put and oversight limitations;

® human Work Time: High (over 150 hours for 400 posts);

® cost: ChatGPT subscription of $25/month.

In this setup, manual creation requires substantial time
and effort, with ChatGPT assisting in content generation.

However, time spent on competitor analysis, image creati-
on, formatting, and publishing limits productivity, making
it challenging to scale.

Table 3. Comparison of work hour reduction and costs using
LLMAgentNet for content marketer automation (based on the aut-
hors' own experimental results) / [TopiBHsIHHS CKOpOYEHHS POOO-
4Oro yacy Ta BUTpAT IIPU aBTOMATH3aLli] MapKETOJI0ra KOHTCHTY
3a qonomororo LLMAgentNet

. Manual Al Agent +
Metric +ChatGPT Al Agent Reflection
Time per 1 Blog 25-30 min (hu- 1 min (hu- | 0 min (hu-
Post man) man) + man) +
1 min (AD) | 1.2 min (A])
Total Human Time
for 400 Posts 166-200 hours | 6-7 hours 0 hours
Total Al Exec. Ti-
me for 400 Posts N/A 6-7 hours 8-9 hours
Error Rate 15-20 % 17 % 3%
Human Work Cost | $2,490-$3,000 | $90-$105 $0
Al Execution Cost | $25 per month | $40-$56 $64-$88
Total Cost for 400 $3025 $161 $88
Posts

2. AI Agent-Driven Automation (Standard Execution):

® time per Blog Post: 1 minute of human input to initiate the
request, plus 1 minute of Al execution time;

e total Time for 400 Blog Posts: 6-7 hours of Al processing ti-
me plus 6-7 hours of human input (1 minute per post);

® error Rate: 17 %, with minor issues such as format inconsis-
tencies or inaccuracies;

® human Work Time: 1 minute per blog post to initiate the
request;

® cost per Step: $0.02 per step, with 5-7 steps per post, resul-

ting in $0.10-$0.14 per post; total estimated cost for 400

posts is $40-$56.

In this configuration, LLMAgentNet autonomously ma-
naged content creation, formatting, and publishing with mi-
nimal human intervention. Each blog post required 1 minu-
te of human time to initiate, after which the AI agent auto-
nomously handled the multi-step workflow. The overall
production time was reduced by over 95 % compared to
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manual methods, and the total cost per post remained low at
$0.10-$0.14.
3. Al Agent with Reflection Step (Enhanced Execution with

Self-Review):

® time per Blog Post: ~1.2 minutes (with additional 3-4 review
steps);

o toet::li)l 2l"ime for 400 Blog Posts: 8-9 hours (including reflecti-
on steps);

® crror Rate: Reduced to 3 % due to self-review and refine-
ment;

® human Work Time: 1 minute per blog post to initiate the
request;

® cost per Step: $0.02 per step, including an additional 3-4 re-
view steps, adding $0.06-$0.08 per post for review; total es-
timated cost per post is $0.16-$0.22; total estimated cost for

400 posts is $64-$88.

Adding a reflection step allowed LLMAgentNet to auto-
nomously review and refine each blog post, improving qua-
lity and reducing the error rate from 17 % to 3 %. Each ref-
lection step took 3-7 seconds at a cost of $0.02 per step, re-
sulting in an additional $0.06-$0.08 per post for the quality
check. This approach maintained high efficiency with no
additional human time, delivering high-quality content at a
marginal cost increase.

Discussion of research results. In the comprehensive
survey by [8], the authors provide a structured analysis of
large language model (LLM)-based multi-agent systems,
outlining their evolution, typical collaboration patterns, and
key limitations. They categorize these systems based on
agent autonomy, communication modalities, and orchestra-
tion strategies, identifying that most existing frameworks
rely on rigid, pre-defined task flows or specialized agent
configurations. Their review highlights several open chal-
lenges, including dynamic agent registration, inter-agent
coordination at runtime, and the absence of standardized
schema for capability negotiation.

In the work by [9], the authors present an in-depth
exploration of the current challenges and open problems in
the development of LLM-based multi-agent systems. Their
paper identifies several unresolved issues that hinder the
practical deployment of such systems, including the lack of
robust dynamic agent discovery, scalable communication
protocols, and efficient shared memory architectures. The
authors emphasize that while many frameworks showcase
promising agentic behavior in isolated scenarios, they
struggle to generalize across diverse tasks or integrate hete-
rogeneous tools without significant manual configuration.

In the work by [32], the authors introduce Reflexion, a
pioneering approach that enables language agents to iterati-
vely improve their performance through verbal reinforce-
ment learning. The core idea is to allow agents to reflect on
their past actions by generating natural language explanati-
ons of failures and successes, thus facilitating internal re-
asoning and adjustment in subsequent iterations. This met-
hod significantly enhances task performance, particularly in
environments where explicit reward signals or ground-truth
answers are sparse or delayed.

The study by [4] introduces the concept of the Internet
of Agents, a visionary framework for connecting heteroge-
neous Al agents across the web to facilitate collaborative
intelligence. Their system emphasizes interconnectivity
among diverse agents built on different architectures, allo-
wing for distributed decision-making and joint task executi-
on. A key contribution of their work is the introduction of a
web-layered infrastructure for agent communication, utili-

zing standardized endpoints and metadata-based discovery
to enable interoperability.

The framework proposed in [44], known as Tree of
Thoughts (ToT), offers a novel approach to problem-sol-
ving that enhances large language models with deliberate
multi-step reasoning. Rather than executing a single chain-
of-thought, the model explores multiple reasoning paths as
a decision tree, evaluating intermediate thoughts to select
optimal trajectories. This enables more systematic explora-
tion of solution spaces, improving outcomes on tasks requi-
ring complex logical reasoning such as mathematical pro-
ofs, puzzles, and planning.

According to [27], the Gorilla framework connects lar-
ge language models with a massive collection of real-world
APIs, enabling them to generate executable API calls thro-
ugh prompt tuning and supervised fine-tuning. Gorilla focu-
ses on training LLMs to understand the function signatures
and descriptions of APIs at scale, allowing for robust code
generation across over 1,600 popular APIs. The system de-
monstrates high accuracy in matching natural language que-
ries to corresponding APIs and their parameters, offering a
valuable contribution toward grounding LLM outputs in ac-
tionable operations.

So, based on the results of the work performed, it is pos-
sible to formulate the following scientific novelty and prac-
tical significance of the research results. The analysis of re-
cent publications and the discussion of the obtained fin-
dings confirm the relevance and necessity of this study, as
no prior research has proposed a comparable framework
that enables dynamic, protocol-agnostic orchestration of au-
tonomous Al agents with such flexibility, interoperability,
and scalability.

Scientific novelty of the obtained research results — for
the first time, a visual method for dynamic orchestration of
autonomous artificial intelligence agents has been develo-
ped, based on RESTful communication and OpenAPI sche-
ma integration, which enables real-time agent coordination,
tool invocation, and interoperability across heterogeneous
systems within multi-agent architectures.

Practical significance of the research results — the re-
sults of the study can be used to develop and implement in-
telligent agent-based systems across various applied doma-
ins, such as customer support, digital content creation,
cybersecurity, and enterprise workflow automation. Specifi-
cally, the proposed method of visual orchestration and
agent coordination can be applied in the construction of
scalable, adaptable, and interoperable multi-agent architec-
tures based on large language models and external APIs.

Conclusion / BucHOBKU

A collaborative architecture of artificial intelligence
agents within a multi-agent system based on large language
models has been developed and validated, ensuring its ef-
fectiveness through experimental benchmarking and real-
world application. Based on the results of the research the
following main conclusions can be drawn.

1. Developed a new framework, LLMAgentNet, which enab-
les seamless and dynamic interaction between autonomous
agents through RESTful API communication and OpenA-
Pl-based schema integration. This approach overcomes the
static and rigid structures found in earlier multi-agent systems.

2. Presented a detailed comparison of LLMAgentNet with
existing frameworks and protocols, including AutoGPT,
MetaGPT, ReAct, and emerging agent communication
standards such as MCP, A2A, ACP, and ANP. The compa-
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rison highlights LLMAgentNet's superiority in modularity,
interoperability, and plug-and-play orchestration.

. Implemented mechanisms for runtime planning, reflection,

and memory-based optimization, allowing agents to learn
iteratively, reduce execution errors, and dynamically adapt
their strategies based on task outcomes and feedback.

. Validated the framework through quantitative benchmar-

king and practical use cases that demonstrated significant
improvements in agent collaboration, performance effici-
ency, and the reduction of manual orchestration overhead.

. Confirmed the potential of LLMAgentNet to serve as a fo-

undational infrastructure for future research and deployment
of multi-agent systems in domains such as enterprise auto-
mation, intelligent assistants, and Al-based knowledge work.

. Outlined directions for future enhancements, including pro-

tocol harmonization, reinforcement learning integration,
and broader ecosystem compatibility to accelerate the de-
velopment of autonomous systems contributing toward Ar-
tificial General Intelligence (AGI).
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A. P. Bidouko, 4. I. Buk1ok

Hayionanenuii ynisepcumem "Jlvsiscoka nonimexuixa”, m. Jlvsis, Yxpaina

LLMAGENTNET: KO/IABOPATUBHA MEPE’KA ABTOHOMHHUX ATEHTIB LITYYHOI'O
IHTEJIEKTY /11 BAKOHAHHA CKJIAAHUX 3ABJIAHD

JlocmikeHO HOBI MOMIIMBOCTI, 110 BiJKPHBAIOTHCS 3aBSIKK CTPIMKOMY PO3BUTKY BelHKUX MoBHHX Mmozenei (LLM), ocobnuBo
y cepi CTBOpEHHSI aBTOHOMHHX areHTiB IITYYHOTO IHTEIEKTY, 31aTHUX 10 0araTOKPOKOBOTO IUIAHYBAHHS Ta BUKOHAHHS CKJIAJHUX
3aBaHb. [IpoaHaizoBaHO HEJOMIKH HASIBHUX MYJIBTHATCHTHUX (PEHMBOPKIB, 30KpeMa IXHIO apXiTeKTypY, 3aJI€KHICTh BiJl KOHKPET-
HUX IHCTPYMEHTIB 1 MaciiTaboBaHicTh. [1J1s mogonanHs ux oOMexeHs 3arnpornonoBano LLMAgentNet — Mony/ibHY MEpEKy B3aEMO-
JUIOYMX areHTiB, sIKi CriBrpariiooTh 3aBasiku LLM, BukopucroByioun RESTful API sik yHiBepcanbHuii koMyHiKamiiHuii inTepdeiic.
Taxuii mizxif 3a0e3neuye He3alIeKHy B3a€MO/III0 MiXK areHTaMH Ta 30BHIIIHIMU 1HCTPYMEHTaMH, [IA€ 3MOT'Y JIUIUTH 3alIUTH BUCOKOTO
PiBHS Ha Mif3aBIaHHs Ta BUKOHYBAaTH 1X aBTOHOMHO Ha mijcTasi criermdikanii OpenAPL V cucremi nepenbadyeHo crieiiiaabHuii Me-
Hekep aredra (aHri. Orchestrator), sKuil BiIOBIAa€ 3a JISKOMITO3UILIO 3aIKUTIB, BUOIp BUKOHABIIIB Ta Y3TO/DKCHHSI TOTOKIB TAHUX
MiXk areHTamu. [HTerparisi MexaHi3MiB IMHAMIYHOI peKOHQIrypallii Ta miATPUMKa 30BHIIIHIX areHTIiB, PO3rOPHYTUX HA OKPEMHUX Bip-
TyalnbHHX cepBepax, poouts LLMAgentNet ruydkoro Ta MaciiraboBaHowo miatgopmoro. OKpeMo OXapakTepU30BAHO CHUCTEMY
mam'sITi areHTiB, peai3oBaHy Yepe3 BEeKTOpHY 0a3y JaHuX, 110 Ja€ 3MOry 30epiraru 3HaHHs, (JOpMYBATH 3MIiHHI i/l 4aC BUKOHAHHSI
3aB/IaHb 1 BUKOPUCTOBYBATH X SIK KOHTEKCT y HacTymHuxX Kpokax. LLMAgentNet miarpumye kijbka pexkumiB podotu: Human-in-
the-Loop, Human-on-the-Loop i Human-out-of-the-Loop, 1110 0co0JIHMBO BayKJIMBO Ha eTanax po3po0JICHHs Ta HAArO/KEHHST CHCTe-
mu. [IpoBeneno sik popmainbhi Tectr (Hanpukian, HotPotQA), Tak i mpakTudHe 3aCTOCYBaHHS CUCTEMH y cdepi aBToMaTH3allii KOH-
TEHT-MapKeTHHTY, ae Oyno crBopeno mounan 400 crareit Oe3 yuacTi onuau. OTpuMaHi pe3yabTaTH MOKa3alnd 3HIKESHHS PiBHS [10-
MIIOK 10 3 % micis yBIMKHEHHS MOJyJ1s peduiekcii Ta 3pocTaHHs IPOLYKTHBHOCTI B oHaz 20 pasiB MOPIBHAHO 3 pyYHUM CTBOPEH-
HsiM KOoHTeHTY i3 BukopuctanHsM ChatGPT. Yuacninok 1poro noseneHo edpekrusaicts LLMAgentNet sik cuctemu i peanizarii
CKJIQJIHKX 3a/1a4 13 MePCIEKTUBOIO 3aCTOCYBAHHS Y MaOYTHIX aBTOHOMHUX 1HTENEKTyalbHUX CHCTEMaX Ta MmocTyiy B HampsiMi AGI
(anrn. Artificial General Intelligence).

KuouoBi ciioBa: Benuki MoBHI Mogerni; arentu LI; aBTOHOMHI crcTeMu; MyIbTHAreHTHUN (HPEHMBOpK; ITaHYBAHHS 3aB/IaHb;
CIHIBIIpAlls areHTIB.
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