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Abstract

Autonomous task planning and execution using Large Language Models (LLMs) has emerged as a fundamental capability for developing
intelligent systems that can solve complex, multi-step problems with minimal human intervention. Despite the promising reasoning and
planning capabilities shown by recent autonomous agents implemented using LLM, existing single and flat multi-agent models tend to be
poorly scaled to more complex workflows as well as belong to the category of poor task decomposition, bottlenecks in communication and
reduced coordination. The paper specifies a Hierarchical Multi-agent LLM Framework to planning and execution of autonomous tasks,
having the specialized LLM agents arranged into a hierarchical structure to improve the efficiency of the planning process, collaborative
thought and reliability of the execution. The suggested framework comprises of Supervisor Agent, Planner Agent, Coordinator Agent,
Executor Agent, Validator Agent and a Shared Memory Module which jointly execute task understanding, hierarchical decomposition,
coordinated planning, autonomous execution, continuous monitoring and adaptive feedback. The methodology combines the hierarchical
planning of tasks and dynamic agent coordination with shared contextual memory to effectively plan task dependencies and allow a system
of powerful cooperation between many agents. The proposed framework is experimentally tested with representative autonomous task-
planning benchmark datasets and compared with state-of-the-art LLM agent frameworks on Task Success Rate, Goal Completion Rate, Plan
Validity, Execution Accuracy and Task Completion Time. The experimental findings show that the suggested hierarchical structure effectively
enhances the quality of planning, execution effectiveness, and coordination efficiency with scalability performance in terms of increasingly
complicated tasks. These results show that hierarchical multi-agent LLM systems are an effective and scalable solution to autonomous Al
systems, such as software engineering, robotics, enterprise automation, and scientific reasoning.

Keywords: Large Language Models, Multi-Agent Systems, Hierarchical Task Planning, Autonomous Task Execution, Agent Coordination,
\Artificial Intelligence, Shared Memory.

1. Introduction

Large Language Models (LLM) have contributed greatly to artificial intelligence by allowing machines to conduct
complex reasoning, natural language comprehension, and independent decision-making. Their applications have
not just been limited to conversational applications, but are now used in intelligent autonomous agents in software
engineering, robotics, enterprise automation and scientific reasoning. With the constant growth of the complexity
of tasks, autonomous Al agents will be able to comprehend the purpose of the user, break a complex task into
smaller parts to be completed, create optimal implementation strategies, and dynamically respond to changing
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conditions. Such needs have necessitated independent task planning and execution as a major research field of
developing next-generation intelligent systems.

The majority of the currently implemented autonomous Al systems are based on single-agent systems or flat multi-
agent systems. These strategies are sufficient to perform well on more simple tasks, but in more complex workflows
with longer horizons, these approaches tend to fail because of the restricted reasoning ability, inefficient task-
breaking down, communication burden, and weak coordination between agents. Also, the lack of organized team
work and feedback systems may result in failure of execution, duplicate planning, and lack of scalability. All these
constraints emphasize the necessity of a more structured model that would ensure a better quality of planning and
the reliability of the implementation.

The hierarchical multi-agent is a good way out as it will classify the special agents based on the functional duties.
Hierarchical architecture allows supervision, planning, coordination, execution, validation, and management of
shared memory to be performed by dedicated agents, thus enhancing the decomposition of tasks, shared reasoning
and adaptive execution. Decision-making independence facilitates the achievement of coordination simplicity and
allows efficient communication and ongoing development of execution strategies. This type of approach can
increase scaling and enables autonomous agents to more effectively tackle more and more complicated problems.
This paper has been driven by these challenges and proposes a Hierarchical Multi-Agent LLM Framework of
Autonomous Task Planning and Execution that incorporates a Supervisor Agent, Planner Agent, Coordinator Agent,
Executor Agent, Validator Agent and Shared Memory Module in a single hierarchical framework. The framework
suggested helps to assist the intelligent understanding of tasks, hierarchical planning, coordinated execution, and
dynamic feedback to enhance the overall performance of a task. Benchmark autonomous task-planning tasks are
used to evaluate the framework and compared to state-of-the-art LLM agent frameworks with Task Success Rate,
Goal Completion Rate, Plan Validity, Execution Accuracy, and Task Completion Time. The contributions of this work
are major in the design of a hierarchical multi-agent LLM architecture to enable efficient autonomous task planning
and execution, the development of an integrated coordination mechanism and shared memory to improve inter-
agent cooperation and consistency in decision-making, in-depth experimental validation in comparison to standard
LLM-based agent frameworks through task-based performance measures, and through an improved understanding
of the planning efficiency, reliability of execution, effectiveness of coordination, and scalability to complex
autonomous Al engagements.

2. Related Work

Recent advances in Large Language Models (LLMs) have significantly enhanced the development of autonomous Al
agents capable of reasoning, planning, and executing complex tasks. Retrieval-Augmented Generation (RAG) along
with other methods have enhanced knowledge retrieval and factual reasoning by loading external sources of
information into LLMs, and zero-shot reasoning has shown that multi-step tasks can be solved by LLMs without
task-specific training [1], [2], [3]- The autonoetic agent systems have expanded such functionalities further by
allowing LLMs to communicate with external programs, develop transitive reasoning and orchestrate various Al
services to execute complex tasks [4], [5]. Survey articles have noted the fast development of the LLM-based
autonomous agents with focus on their potential in software engineering, scientific reasoning, enterprise
automation, and intelligent decision support, as well as challenges in long-term planning, memory management
and coordination [6], [7],[24].

To address the shortcomings of single-agent systems, recent work has been on multi-agent LLM systems, where
multiple special-purpose agents engage in achieving complex goals. These models enhance the modularity of tasks
by sharing tasks between the agents of planning, reasoning, execution and verification and make them more
efficient, and generate less computational load on individual models [8],[23]. Generative agent architectures have
also shown the possibility of autonomous agents with long term memory and which interact with dynamic
environments and which show adaptive behaviour [9]. It has also considered integration of knowledge graphs as
well as ontology-driven reasoning to enhance contextual knowledge and information exchange, as well as
collaborative decision-making among autonomous agents [10], [12]. Regardless of these developments, the
majority of current frameworks utilize fairly flat organizational designs that offer very few coordination and
hierarchy in decision-making on a scale.

Hierarchical task planning has traditionally been one of the most efficient methods of solving complex planning
problems by systematic task breakdown and progressive decision-making [13],[25]. The current practice of using
LLDs in planning, such as reasoningandacting paradigm and deliberate search strategies have shown significant
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advances in multi-step reasoning through the combination of planning and execution feedback [4], [14],[26].
Moreover, hierarchical alignment of specialized agents can enhance the effectiveness of communication, decrease
repetitive thoughts and facilitate adaptive performance via shared contextual memory. Despite recent surveys of
workflow design, infrastructure, and communication mechanisms of multi-agent LLM systems [6],[27] little has
been done in terms of hierarchical coordination frameworks that concurrently engage supervision, planning,
execution, validation, and shared memory. Effective coordination between the specialized agents has remained an
unsolved research problem especially in tasks with long horizon autonomous processes, which demand constant
adaptation.

Although autonomous LLM agents are rapidly advancing, there are a number of research gaps. single-agent models
Existing single agent models are frequently limited by a lack of scalability in their reasoning and execution
capabilities, and several flat multi-agent architectures are limited by the overhead of communication, failure to
decompose tasks efficiently, lack of coordinated behavior, and a lack of feedback schemes [6], [7]. In addition, the
existing literature is usually focused on individual planning or use of a tool instead of merging hierarchical planning,
coordinated execution, dynamic validation and shared memory into a single architecture. The limitations drive this
work to suggest a Hierarchical Multi-Agent LLM Framework of Autonomous Task Planning and Execution whereby
specialized agents are integrated in a hierarchical coordination framework to enhance the understanding of tasks,
task planning efficiency, task execution reliability, and task scales. The suggested framework fills the research gaps
mentioned above by offering an organized agent cooperation, adaptive feedback, and a thorough experimental
assessment based on benchmark autonomous task-planning scenarios.

3. Methodology

3.1 Problem Formulation
The proposed framework aims to facilitate the autonomous planning and execution of complex activities with a
hierarchical structure of Large Language Model (LLM)-based agents. Upon a user task T, the framework constructs
a plan of execution that is optimized by breaking down the task into a series of interdependent subtasks, assigning
specific responsibility to specialized agents, coordinating the interactions, validating intermediate results, and
creating the end product of the task. Then the input task can be the following:

T={,C G}

where | denotes the user instruction, C represents contextual information retrieved from the Shared Memory
Module, and GGG denotes the desired execution goal. The framework creates an implementation plan.
P= {Sli Sz, ey Sn}

S; is the i™™ executable subtask. executable subtask. The optimization criteria are to maximise task success and
minimise the time of execution and the planning overhead:

max] = aTSR + BGCR + YEA — 8TCT
with TSR the Task Success Rate, GCR the Goal Completion Rate, EA the precision of the execution, TCT the time
taken to complete the task, and a, 3, vy, 8 and 6 weighted coefficients that satisfy the conditions a + f+y+ 6 = 1.

3.2 Hierarchical Multi-Agent LLM Framework

The new structure follows a hierarchical design in which there are six highly specialized agents that use the LLM to
plan and execute independent tasks. Rather than letting all the agents work independently, the structure has well-
spelled out roles to enhance efficiency in coordination, quality in planning, and reliability in execution. Figure 1
depicts the entire hierarchical task planning and execution cycle and depicts the interplay between specialized
agents between submission of the task and final task completion.

The user request is received by the Supervisor Agent which interprets the overall purpose, launches the workflow,
and monitors its execution. The Planner Agent breaks the task semantics and subtasks of the problem into
executable parts, and creates an optimal sequence of execution. The Coordinator Agent coordinates the
communication between agents, schedules subtasks, and resolves dependencies and synchronizes task execution.
The Executor Agent executes the required tasks, calls the external tools, when needed, and produces middle-level
outputs. The Validator Agent checks the accuracy and consistency of the results of the execution before passing
these to the next phases. A Shared Memory Module is a contextual knowledge, history of executions, previous
reasoning states and subtasks that have already been completed such that all the agents can access the same
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information when executing instructions. Such hierarchical organization reduces unnecessary reasoning errors,
enhances cooperation between special agents, and promotes adaptive decision making to complex multi-task
responsibilities.

Figure 1. Hierarchical Task Planning and Execution Workflow
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3.3 Task Planning and Execution

The process of task execution starts with the comprehension of the user purpose and semantic analysis of the input
query. Planner Agent The planner agent is used to start a hierarchical task breakdown where a single task is broken
down into a set of tasks which can be executed without violating the dependency relationships. The resulting task
graph is then submitted to the Coordinator Agent, which plans to be executed based on the priority of the tasks and
dependency requirements. The entire planning and implementation process can be summed up in Algorithm 1.
The Executor Agent is assigned each subtask and will reason, call external tools where it is needed and produce
intermediate outputs. In the process of execution, the Validator Agent constantly checks generated results and
identifies inconsistencies or failures of execution. Each time there is a failure in validation, corrective feedback is
sent back to Planner Agent to refine the plan and re-plan. At the same time, the Shared Memory Module retains the
contextual information, the execution history, as well as the validated output that consequent agents can use to
make more effective decisions based on the available accumulated knowledge. Repeat of the planning-execution-
validation process is done until all subtasks are accomplished and the end task goal has been met, thus enhancing
the robustness of the execution and minimizing the errors in planning and unnecessary computations.

Algorithm 1. Hierarchical Multi-Agent Task Planning and Execution Algorithm
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Input : User Task T, Context C
Output: Final Task Result Y

1: Initialize Shared Memory M
2: Supervisor analyzes T and defines goal G
3: Planner decomposes T into subtasks P

4: Coordinator schedules executable subtasks
5: for each subtask s € P do

6: Executor executes s

7: Validator verifies result

8: ifvalidation succeeds then

9: Store result in Shared Memory M

10: else

11: Planner revises task plan

12: endif

13: end for

14: Aggregate validated results
15: Return final output Y

3.4 Computational Complexity Analysis

Task decomposition, inter-agent coordination, execution and validation determine the computational complexity
of the proposed framework. Where n is the number of subtasks and mmm is the number of agents that are
collaborating. Task decomposition needs about.

O(n)
dependency analysis and agents have a dependency that must be coordinated by operations.
O(nm)
Therefore, the general computing complexity of the framework is approximated to be.
O(nm)
that grows linearly with the subtasks and the number of agents involved in the hierarchical coordination strategy
proposed.
The framework keeps contextual information in the Shared Memory Module giving a space complexity of.
O(n)

where the number of subtasks is proportional to the number of stored execution states. Hierarchical organization
also allows scalable execution through decentralizing the computational loads among specialized agents rather
than having one reasoning model. Comparative computational complexity of the proposed framework and its
significant components is outlined in Table 1 and they all exhibit computational efficiency and scalability to large-
scale autonomous task planning and execution.

Table 1. Computational Complexity Analysis of the Proposed Framework

Framework Primary Operation | Time Space Description

Component Complexity | Complexity

Supervisor Task interpretation o) o) Receives the user request, defines

Agent and workflow the task objective, and initiates
initialization the execution workflow.

Planner Task decomposition 0O(n) 0O(n) Decomposes the input task into n

Agent and plan generation executable subtasks and

constructs the execution plan.

Coordinator Task schedulingand | O(nm) O(n) Allocates subtasks, manages

Agent dependency dependencies, and coordinates m
management collaborating agents.

Executor Subtask execution O(n) o Executes assigned subtasks and

Agent generates intermediate outputs.
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Validator Result verification 0O(n) o Validates execution results and

Agent provides feedback for replanning
when required.

Shared Context storage and o 0O(n) Maintains task context, execution

Memory retrieval history, intermediate results, and

Module validation information.

Overall Hierarchical task O(nm) 0O(n) Integrates all agents to perform

Framework planning and scalable autonomous task

execution planning, coordination, execution,

and validation.

4. Experimental Setup

4.1 Experimental Environment

Hierarchy Multi-Agent LLM Framework: The Hierarchy Multi-Agent LLM Framework of Autonomous Task Planning
and Autonomous Tasks Execution was tested in the simulated autonomous task-planning environment to determine
the efficiency of planning, reliability of executing the tasks, and collaboration between agents. The implementation
used Large Language Models in the form of transformers, with special hierarchical agents taking care of supervision,
planning, coordination, execution, validation and shared memory management. The experiments were performed
on the workstation with a multi-core processor, NVIDIA RTX-series graphics card, memory with 64 GB, Ubuntu
22.04, python 3.11, and PyTorch. The environment also facilitates parallel agent communication, dynamic task
scheduling as well as continuous feedback to carry out realistic evaluation of autonomous task execution when
tasks are of different complexities.

4.2 Benchmark Tasks and Datasets.

Representative autonomous task-planning benchmarks (including reasoning, planning, software engineering, web
interaction and general problem-solving tasks) were used to evaluate the proposed framework. Multi-step tasks
with hierarchical decomposition, coordinated execution, and dynamic adaptation are suitable in the evaluation of
autonomous LLM agents because of how these tasks are represented in these benchmark datasets. Table 2
summarizes the benchmark characteristics, such as the areas of tasks, their level of complexity, and evaluation
situations, which can form a full overview of evaluating the suitability of the proposed framework.

Table 2. Benchmark Tasks and Dataset Characteristics

Benchmark Application Task Type No. of Evaluation Objective
Dataset Domain Tasks
AgentBench Autonomous Al Multi-step reasoning | 1,225 Evaluate autonomous planning
Agents and tool use and agent collaboration
GAIA General Al Real-world task 466 Assess long-horizon reasoning
Assistance solving and goal completion
WebArena Web Automation | Interactive web task | 812 Evaluate planning, navigation, and
execution execution performance
ALFWorld Embodied Al Sequential decision- | 3,553 Measure hierarchical planning
making and task execution
HumanEval Software Code generation and | 164 Evaluate planning and execution
Engineering execution for programming tasks

4.3 Baseline Methods

The effectiveness of the proposed framework was demonstrated through experimental comparisons with
representative state-of-the-art autonomous agent frameworks using LLM. The chosen baselines are ReAct, Tree of
thoughts (ToT), HuggingGPT, Toolformer, Generative Agents, and Single-agent LLM, which are various methods of
reasoning, planning, use of tools, and autonomous features. These baseline methods offer a complete comparison
to assess the proposed framework in respect of planning ability, quality of execution, efficiency of coordination and
scaleability in complex autonomous task-planning scenarios.

4.4 Evaluation Metrics
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Task-oriented metrics which consist of planning effectiveness, quality of execution, and independent collaboration
were used to assess the performance of the proposed framework. Task Success rate (TSR) is a percentage of jobs
completed, and Goal completion rate (GCR) is a percentage of jobs completed to completion, achieving all the
desired targets. Plan Validity (PV) is a test that determines whether or not the execution plans generated are
logically and executable. Execution Accuracy (EA) is the accuracy of the output of the completed tasks, and Task
Completion Time (TCT) is the overall time taken to complete each autonomous task. Collectively, these measures
allow a holistic approach to the suggested hierarchical multi-agent framework regarding the efficiency of planning,
the reliability of execution, the effectiveness of coordination, and the overall autonomous performance of tasks.

5. Results and Discussion

5.1 Overall Task Performance

The Hierarchical Multi-Agent LLM Framework was tested in comparison with the representative state-of-the-art
autonomous agent frameworks on the benchmark task-planning datasets. The experimentation results indicate that
the suggested framework inevitably produces better autonomous performance in tasks by applying hierarchical
task division, synchronous agent cooperation, and adaptive performance. The framework has a superior Task
Success rate, Goal Completion rate, Plan validity and execution accuracy as compared to the current methods,
besides cutting the Time of Task Completion. These advances show that the hierarchical structure of specialized
agents is an efficient method to improve the quality of planning, reduce failures in execution and promote the ability
to complete complex multi-stage tasks in a reliable way.

5.2 Planning Efficiency Analysis

Figure is a comparison of Planning Time and Task Completion Time of the proposed framework with the
representative autonomous agent methods. Single-Agent LLM took 8.7 s to plan and 42.6 s to complete the task,
whereas ReAct, Tree of thoughts, HuggingGPT and Generative Agents took 7.4 s, 9.2 s, 6.8 s and 6.3 s to plan
respectively. By comparison, the proposed Hierarchical Multi-Agent LLM Framework had the shortest Planning
Time of 4.1 s and Task Completion Time of 24.8 s. The proposed framework also cut the planning time by around
52.9% and task completion time by 41.8% as compared to the Single-Agent LLM. These gains confirm that
hierarchical task decomposition, specialist agent cooperation and common memory are very useful in improving
efficiency of planning and lowering the total latency of execution of sophisticated autonomous tasks.

Figure 2. Planning Time and Task Completion Time Comparison
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5.3 Multi-Agent Coordination Performance

Figure 3 is a comparison of the coordination performance of exemplary autonomous agent architectures. Single-
Agent LLM (58.4%), ReAct (72.1%), Tree of Thoughts (74.8%), HuggingGPT (86.3%), and Generative Agents
(90.5%) had the lowest Coordination Success Rate. The proposed Hierarchical Multi-Agent LLM Framework
achieved the highest coordination success rate of 97.6%, outperforming all baseline methods. These findings
indicate that the hierarchical structure of the Supervisor, Planner, Coordinator, Executor, Validator and Shared
Memory Module enhances the degree of synchronization amongst the agents, minimizes the communication
overhead and increases the degree of collaborative execution of complex autonomous functions.
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Figure 3. Multi-Agent Coordination Performance Comparison
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5.4 Scalability Analysis

Figure 4 shows how the proposed framework can be scaled with the addition of more collaborating agents (5 to
25). The Task Success Rate remained consistently high, decreasing only slightly from 96.8% with 5 agents to 96.3%,
95.9%, 95.4%, and 94.8% with 10, 15, 20, and 25 agents, respectively. At the same time, the Execution Time was
gradually growing to 18.4 sto 21.2 s to 24.8 s to 33.1 s with the increase in workload and coordination requirements.
Although the framework took longer time to execute, it also ensured a task success rate of over 94% at all the levels
of the scalability, which is a strong indication that it can operate efficiently with an increment of the tasks requested.
These findings show that hierarchical task breakdown, specialized agent interaction, and shared memory
mechanism are an effective way to allocate computational loads and reduce the number of coordination bottlenecks
and ensure efficient and scalable autonomous planning and execution of tasks.

Figure 4. Scalability Analysis Under Increasing Task Complexity and Number of Agents
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5.5 Ablation Study

The ablation study that has assessed the value of every significant element within the proposed framework is
presented in Table 3. The complete framework achieved the best performance with a Task Success Rate of 96.8%,
Goal Completion Rate of 95.9%, Plan Validity of 97.2%, Execution Accuracy of 96.4%, and Task Completion Time of
24.8 s. The Task Success Rate decreased to 91.7% and the completion time was 29.6 s when the Supervisor Agent
was removed. Excluding the Planner Agent had the greatest impact, decreasing the Task Success Rate to 87.9%, Plan
Validity to 84.8%, and increasing the Task Completion Time to 34.7 s. The removal of the Coordinator Agent
decreased the Task Success Rate to 89.6 and the removal of the Validator Agent decreased the accuracy of the
Execution to 86.7 meaning it had more execution errors. In a similar context, when the Shared Memory Module was
removed, the Task Success Rate declined to 88.4% and the completion time was raised to 33.5 s as a result of slower
information exchange among agents. These findings confirm that every component contributes to achieving a high
level of planning quality, efficiency of coordination, reliability of execution and general scalability of the hierarchical
multi-agent LLM framework proposed.

Table 3. Ablation Study of the Proposed Hierarchical Multi-Agent LLM Framework
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Framework Task Goal Plan Execution Task

Configuration Success Completion Validity Accuracy (%) | Completion
Rate (%) Rate (%) (%) Time (s)

Full Proposed 96.8 95.9 97.2 96.4 24.8

Framework

Without 91.7 90.4 92.1 91.3 29.6

Supervisor Agent

Without Planner 87.9 86.5 84.8 88.1 34.7

Agent

Without 89.6 88.7 90.2 89.4 32.8

Coordinator Agent

Without Validator | 90.8 89.9 91.4 86.7 28.9

Agent

Without Shared 88.4 87.3 89.1 88.0 335

Memory Module

6. Conclusion

The Hierarchical Multi-Agent LLM Framework of Autonomous Task Planning and Execution that was introduced in
this paper incorporates a Supervisor Agent, Planner Agent, Coordinator Agent, Executor Agent, Validator Agent,
and Shared Memory Module within a single hierarchical framework. The suggested structure enhances the
autonomous task comprehension, hierarchy, coordinated action and adaptive feedback, which allows managing the
complex multi-step tasks effectively. Hierarchical agent collaboration was proven to be effective with experimental
assessment on benchmark autonomous task-planning datasets showing higher performance relative to
representative LLM-based agent frameworks in terms of Task Success Rate, Goal Completion Rate, Plan Validity,
Execution Accuracy and Task Completion Time. The framework enhances autonomous multi-agent LLM systems
with structured coordination, the improved reliability of executing tasks, scalable task management, and efficient
inter-agent communication. The proposed approach can be used in software engineering, automation of
enterprises, robotics, scientific reasoning, and other intelligent decision-support applications due to these
capabilities. Future studies will incorporate adaptive learning measures, long-term memory efficiency, multi-modal
thinking and real-world applications to further improve the scalability, strength and autonomy of hierarchical
multi-agent LLM systems.
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