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Abstract: Hybrid Multi-Agent Systems (HMAS) integrate heterogeneous agents—combining symbolic
reasoning, machine learning, and human-in-the-loop capabilities—to enable scalable, adaptive, and
intelligent automation. These architectures address limitations of monolithic Al systems by distributing
cognition across specialized agents. Recent advances in Large Language Models (LLMs) and agentic Al
have further accelerated their adoption in domains such as smart manufacturing, enterprise automation,
and autonomous systems.

This paper presents a comprehensive architecture, design principles, system model, and experimental
dataset for hybrid multi-agent intelligent automation.

1. INTRODUCTION

Multi-Agent Systems (MAS) consist of autonomous agents capable of collaboration, communication, and
decentralized decision-making.

Hybrid MAS extend this paradigm by integrating:
e Symbolic Al (rules, knowledge graphs)
e Sub-symbolic Al (deep learning, LLMSs)
e Human agents (decision oversight)

Such hybridization improves:
e Adaptability
e Interpretability
e Task decomposition

Recent research highlights that combining deliberative (planning) and reactive agents enables efficient
real-time problem solving.

2. BACKGROUND AND RELATED WORK
2.1 Classical MAS Architectures

MAS architectures are typically categorized as:

Centralized

Hierarchical

Distributed

Heterarchical
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2.2 Hybrid Multi-Agent Systems

Hybrid systems combine:

e Cognitive agents (BDI models)

e Reactive agents (event-driven)

e Learning agents (ML-based)

They are widely applied in:

Smart manufacturing

Robotics

2.3 Modern Agentic Al Systems

Recent frameworks integrate:

LLM planners
Tool-using agents

Memory systems

These systems improve:

Task completion rates
Efficiency
Scalability (up to 41% efficiency gains reported)

3. PROPOSED HYBRID MULTI-AGENT ARCHITECTURE
3.1 System Overview
The proposed architecture follows a layered hybrid model:

| Specialized Agents Layer (Hybrid Agents) |
| - ML Agents - Rule-based Agents - Tool Agents |

| Data & Memory Layer (Shared State) |
S - -—t

| Environment / External Systems |

3.2 Agent Types

1. Planner Agent (LLM-based)
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e Task decomposition
e Strategy generation
2. Executor Agents
e API calling
e Workflow execution
3. Reactive Agents
e Event-driven responses
4. Learning Agents
e Model training and prediction
5. Critic Agent
e Validation and feedback loop

3.3 Hybrid Intelligence Model

R +
| Symbolic Al |
| (Rules, Logic, KG) |
+--- +---- +
|
Vv
S —— S S R +
| Human | -->| Orchestrator| <- | ML Models|
| Agent | | (Planner) | | (Neural) |
N S S T +
|
Y
S +
| Agents |
| (Execution) |
S +

3.4 Communication Mechanism
e Message passing (JSON / natural language)
e Event queues (Kafka-style)

e Shared memory (blackboard)
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4. MATHEMATICAL MODEL

Let:

o A={alaz,..an}A=\{a_1,a 2,..,a n\}A={al,a2,....an} be agents

o T={tlt2,.tm}T=\{t 1,t 2,...,t m}T={t1,t2,....tm} be tasks
Task Allocation Function:
f:T—Af: T \rightarrow AET—A
Utility Optimization:
maxi/0y i=1nU(ai,tj)\max \sum_{i=1}"{n} U(a_i, t_j)maxi=13>nU(ai,tj)
Where:

e UUU = performance utility (accuracy, cost, latency)

5. DATASET DESIGN FOR INTELLIGENT AUTOMATION

5.1 Dataset Overview
A synthetic dataset simulating enterprise automation workflows.
Dataset Name:

HMAS-AutoOps Dataset

5.2 Schema

Field Type |Description

task_id Integer |Unique task ID

task type String  |Classification (API, NLP, DB, etc.)
complexity Float [Task complexity score (0-1)

required_agent (String [Suggested agent type

input data JSON [Task input

expected output JSON  |Ground truth

latency Float [Execution time

success flag Boolean [Task success

Multi-Agent System Architecture
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+ -+ +
I
v v v v
Hemmmmmemmoe e 4 Fmmmmmmmemmoee + dommmmmmoo oo +
| APT Agent | | NLP Agent | | DB Agent | | other Agent |
Hemmmmmemmoe e 4 Fmmmmmmmemmoee + dommmmmmoo oo +
I I I I
v
ommmmmm oo +
| Aggregated Output |
B +

R e T +
|  Task Results |
o o +
|
|
v v ]
Hommmm e R e S +
| Complexity| | Latency | | Success Rate|
[ (e-1) | | (seconds) [ | (%) |
Hommmm e R e S +

5.4 Use Cases of Dataset
e Agent task allocation benchmarking
e Latency optimization
e Multi-agent coordination evaluation

Mermaid Diagram (Flow Visualization)

Input Task (JSON)

+

Task Classifier

L 2

Agent Selector

¥ * ¥
APl Agent NLP Agent DB Agent
- A -

Task Execution

Output Result Latency Measurement

Evaluation Engine

£ 2

Success Flag
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Architecture Diagram (Block Layout)
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6. EXPERIMENTAL SETUP

6.1 Environment

e Python-based simulation

e Multi-agent framework (e.g., orchestration engines)

e Distributed execution
6.2 Metrics

e Task success rate

e Latency

e Cost per task

e Coordination overhead
Distributed Architectures Improve Robustness

Distributed multi-agent systems eliminate single points of failure by allowing tasks to be handled
independently across multiple agents. In the HMAS-AutoOps modeled system, when one agent
fails or underperforms, others can continue execution without collapsing the entire workflow.

This leads to:
e Fault tolerance: Failures are isolated rather than systemic
e Scalability: New agents can be added dynamically
e Resilience under load: Workloads are balanced across agents

However, robustness comes at the cost of increased coordination complexity and synchronization
requirements.
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7. ADVANTAGES
Hierarchical Models Reduce Communication Cost
Hierarchical architectures introduce structured control, typically involving:
e A high-level planner (or orchestrator)
e Multiple sub-agents executing tasks

By restricting communication pathways (i.e., agents communicate through layers instead of
broadcasting globally), the system significantly reduces:

e Message passing overhead
e Network congestion
e Redundant information exchange
In the HMAS-AutoOps context:
e Tasks are decomposed at higher levels
e Subtasks are distributed efficiently
e Agents operate with localized knowledge, reducing unnecessary interactions

This improves efficiency, especially in large-scale deployments.

8. APPLICATIONS

8.1 Intelligent Automation

e Business workflows

e RPA + Al integration
8.2 Smart Manufacturing

e Predictive maintenance

e Autonomous scheduling
8.3 Healthcare

e Decision support systems
8.4 Autonomous Systems

e Robotics

e Self-driving systems
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9. CHALLENGES
e Coordination complexity
e Scalability
e Trust & explainability

e Debugging multi-agent interactions

10. FUTURE WORK
e Self-organizing agent swarms
e Federated multi-agent learning
e Standardized agent communication protocols
e Integration with AloT systems
Observations
1. Planner Bottleneck in Centralized Systems

Centralized systems rely heavily on a single planner or controller, which becomes a bottleneck
as:

e Task volume increases

e Complexity grows

e Real-time decision-making is required
Issues observed:

e Increased latency due to queueing delays

e Reduced throughput under heavy load

e Risk of system-wide failure if the planner crashes
This limits scalability and makes centralized systems unsuitable for high-demand environments.
Implications for Future Systems

e Incorporating adaptive orchestration mechanisms can further optimize performance

e Intelligent routing of tasks based on complexity scores can enhance efficiency

® Combining hybrid models with learning-based agents can improve long-term system
evolution
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11. CONCLUSION

Hybrid multi-agent architectures mark an important evolution in intelligent automation because
they integrate the strengths of multiple design philosophies into a single system. By combining
distributed intelligence with a central coordination layer, these architectures allow individual
agents to operate autonomously while still aligning with overall system goals. This balance
reduces the risks of single points of failure while maintaining coherent decision-making.Another
key aspect is the inclusion of learning capabilities, where agents can adapt over time based on
data, feedback, and past performance. This enables the system to handle dynamic and uncertain
environments more effectively than static rule-based approaches. At the same time, human
oversight ensures accountability, interpretability, and control, which is especially important in
high-stakes or sensitive applications.As a result, hybrid systems achieve a strong combination of
scalability, adaptability, and robustness. They can efficiently manage complex workflows,
adjust to changing conditions, and maintain reliable performance even under stress. This makes
them particularly well-suited for real-world applications such as autonomous operations,
enterprise automation.

Appendix: Advanced Architecture Diagram

S +
| Human Supervisor |
+ -+ +
|
v
S +

Planner Agent |

|
| (LLM-based) |
+ - +

|
e e +
| | |
Y Vv %
N —— S ST — S o — +
| ML Agent | |Rule Agent | |Tool Agent |
| (Prediction) | | (Logic) | | (API Calls) |
B — + + + + D e — R +
| | |
+ -+ -—+ +--- +
|
Y
S —— +
| Shared Memory Layer |
S +
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| External Systems |
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