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1. Introduction  

 

 The explosion of large language models and AI agent 

systems with tool augmentation has led to a growing need for 

robust integration protocols that can help manage context and 

interoperability as well as scalable communication among 

diverse environments. The Model Context Protocol (MCP) 

was an emerging paradigm that promises to tackle these issues 

by providing a universal interface for connecting AI models 

with tools, services, and data stores. MCP drives structured 

interaction through context exchange, supporting dynamic 

tool discovery, uniform interaction patterns, and modularity of 

systems, and differs from traditional API-based integration 

approaches, which typically rely on rigid schemas and lack 

semantic understanding. Current integration paradigms such 

as RESTful services and plugin ecosystems have limited 

capabilities in preserving context and facilitating collaborative 

interactions between agents. Such limitations are more 

prominent in applications that involve reasoning and 

knowledge retrieval processes. While MCP enhances 

interoperability and lowers integration costs, existing 

implementations are mostly stateless and lack context 

management capabilities. This prevents the creation of smart 

systems that are able to maintain state. As a result, recent 

efforts prioritize building on MCP to enable memory-aware 

and workflow-focused architecture that supports context-

driven, adaptive automation. 
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The growing complexity of intelligent systems has led to an increased use of multi-

agent systems, yet current approaches are often limited by disjointed context 

management, absence of persistent memory, and poor workflow management. This 

research introduces a unified framework using the Model Context Protocol (MCP) 

to overcome these challenges by facilitating structured communication, contextual 

awareness, and automated workflow management among multiple agents. Our 

architecture includes a persistent memory component that uses semantic retrieval 

technologies to store and retrieve contextual information to avoid redundant 

processing and ensure decision consistency. A context manager was proposed to 

coordinate information between agents, ensuring consistency in task execution, 

and a workflow orchestrator to distribute tasks to agents according to their 

capabilities and system state. Several benchmark metrics, such as task completion 

rate, task execution time, resource consumption, and agent efficiency, are used to 

assess the framework's performance. The experiments show remarkable 

improvements over traditional single-agent and stateless multi-agent systems in 

terms of task completion, execution time, and resource allocation. The use of 

memory-based reasoning improves system scalability and flexibility, allowing it to 

manage complex, multi-step processes. The results show the need to integrate 

communication protocols with persistent memory and collaborative agent 

communication to create reliable, scalable, and intelligent automated systems that 

can tackle real-world problems. 
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 Multi-Agent AI Systems (MAS) are increasingly being 

explored as a fundamental framework for addressing complex, 

distributed, and dynamic challenges via interaction among 

multiple intelligent agents. Derived from distributed artificial 

intelligence (AI), MAS research began with rule-based 

cooperative systems and has developed into sophisticated 

systems that incorporate large language models and 

reinforcement learning. Modern MAS focuses on role-based 

decomposition, where agent planners, executors, and 

evaluators cooperatively and efficiently decompose and 

execute tasks. Research has shown that agent communication 

protocols, decentralized decision-making, and negotiation 

mechanisms improve scalability and resilience of MAS 

systems across various applications, such as autonomous 

systems, health care, and enterprise automation. Yet, while 

these developments have been made, current MAS systems 

tend to use short-lived communication channels, leading to 

isolated context sharing and repeated calculations. Lack of 

persistent memory hinders long-term cooperation and 

reasoning among agents. Also, interoperability issues arise 

due to a lack of communication standards. These challenges 

underline the need for the incorporation of structured 

approaches like MCP that can enable consistent sharing of 

context and lead to more integrated, scalable, and intelligent 

multi-agent systems. 

 Long-term memory was a key element in evolving 

artificial intelligence from a stateless to an adaptive and 

context-aware intelligence. Conventional AI systems, 

especially large language models, have limited context 

windows, restricting their capacity to maintain and leverage 

historical context over time. Recent studies have turned to 

long-term memory approaches such as vector databases, 

knowledge graphs, and hybrid retrieval approaches. 

Approaches such as Retrieval-Augmented Generation (RAG) 

have shown effectiveness in improving AI responses by 

leveraging external knowledge. A cognitive-inspired model 

distinguishes episodic and semantic memory and stress the 

importance of knowledge representation for better memory 

continuity. The current memory designs are still largely 

isolated and geared toward single agents. Issues like poor 

indexing, inaccurate recall, and unsynchronized multi-agent 

systems limit their scalability and responsiveness. An 

inconsistencies and duplicates in the knowledge base add to 

the complexities of shared reasoning. These challenges 

highlight the need for integrated persistent memory 

approaches that can be seamlessly integrated with multi-agent 

systems, allowing distributed access, learning, and context 

management in distributed AI applications. 

 The notion of context and context-aware computing has 

emerged as a critical paradigm for the design of intelligent 

systems that can adapt to changing contexts and user needs. 

Initial work tended to concentrate on the collection of basic 

context information such as location, time, and user activity to 

support decision-making processes in ubiquitous computing 

environments. With the emergence of machine learning and 

semantic technologies, there has been a shift towards more 

advanced methods of context representation, such as 

ontologies and inference models. Today, in AI systems, 

context goes beyond fixed attributes to encompass interaction 

and semantic histories and dynamic task states, especially in 

multi-agent settings. Managing context involves a process that 

includes context acquisition, storage, retrieval, and 

distribution, each with challenges in terms of scalability, 

consistency, and timeliness. While considerable advances 

have been made, existing methods often lack protocol-driven 

approaches for context sharing and synchronization among 

agents, which can result in disjointed contexts and 

interoperability issues. There was limited integration between 

context management and persistent memory to support long-

term thinking and adaptive workflows. These challenges 

underline the need for protocol-based context management 

approaches, like MCP-based approaches, in order to promote 

seamless interaction, improved adaptability, and intelligent 

behavior in distributed AI environments. 

 Automation, distributed computing, and security, 

privacy, and trust concerns form the foundation of scalable 

and trusted AI systems. Existing workflow orchestration 

platforms such as DAG-based and microservice-based 

systems have enhanced task scheduling, scalability, and 

reliability but do not integrate well with AI reasoning and 

dynamic decision-making. The advent of smart orchestration 

tools has brought context-sensitive operation and dynamic 

adaptation, but smooth interaction among autonomous agents 

was lacking. Similarly, distributed systems and event-driven 

architectures, including microservices, have allowed agile and 

resilient deployments but still suffer from coordination, 

latency, and consistency issues, particularly for multi-agent 

systems. These issues are exacerbated by security, privacy, 

and trust challenges. MCP-based systems, by improving 

interoperability, open new security risks like prompt injection, 

tool access attacks, and memory leaks. Lack of a standardized 

authentication and access control framework for interacting 

services and agents also poses a trust challenge. 

Explainability, auditability, and secure communication are 

crucial for system integrity. While current research offers 

solutions, such as encryption, role-based access control, and 

anomaly detection, an integrated approach that combines 

workflow automation, distributed intelligence, and security in 

context management remains a research challenge. 

 

2. Research gap 

 

 The literature shows a disjointed approach to developing 

Model Context Protocol (MCP) frameworks, multi-agent 

systems, persistent memory, and workflow orchestration in 

isolation. Current MCP frameworks do not include persistent 

shared memory, restricting agents' ability to retain and share 

context. Coordinating multi-agent systems can also be 

inefficient in sharing context, resulting in duplication and 

decision inconsistency. Workflow orchestrators offer 

scalability but lack adaptive AI reasoning and dynamic agent 

collaboration. Further, there was no unified approach to 

context management in distributed computing. Privacy, 

security, and trust concerns (such as poor access control and 

context manipulation) also demonstrate the need for an 

integrated, secure, and memory-conscious MCP-based multi-
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agent system. 

 
3. Research Methodology 

  

 

FIGURE 1. Research Methodology 

Problem Definition and Research Design 

 The problem was defined by analyzing the increasing 

complexity of multi-agent systems that utilize the Model 

Context Protocol (MCP) and require interoperability, 

continuity, and scalability of context. Current methods for 

integrating AI with systems were noted to be heavily 

dependent on stateless interactions, limiting the knowledge 

retention capabilities of agents and their effective 

collaboration. Also, existing API-based and plugin-based 

integration frameworks were seen to have limitations in terms 

of disjointed communication, the lack of semantic 

understanding, and the inability to support dynamic 

workflows. This was especially problematic in multi-agent 

systems that required agents to work with shared knowledge 

and keep context in multi-agent systems. As a result, the 

research problem was defined as the lack of a holistic 

architecture that facilitates persistent memory, context 

sharing, and coordinated execution of workflows in MCP-

based systems. 

 The research design was developed using a design science 

research (DSR) approach that enabled the creation of an 

innovative architectural framework that addressed these 

challenges. This allowed for the conversion of intellectual 

knowledge from literature into a system model incorporating 

MCP communication, persistent memory, and multi-agent 

collaboration. The design involved establishing system goals 

such as increasing awareness of the environment, providing 

long-term memory, and automating workflows. A particular 

focus was placed on designing a flexible modular system to 

support different agents and tools. Principles of scalability, 

interoperability, and adaptability were given priority to ensure 

the design could be applied to a variety of AI-powered 

scenarios. 

 A conceptual framework was created to model the 

interrelationships between the system components, such as the 

MCP server, multiple agents, memory, and orchestrators. The 

framework was intended to provide a coherent sharing of 

context through a context manager and effective knowledge 

retention and recall through a persistent memory module. 

Processes of task execution were conceptualized to facilitate 

decomposition, allocation, and coordination among different 

task-specific agents for enhanced efficiency. The use of MCP 

interfaces ensured standardized protocols for communication, 

simplifying integration and improving system integration. 

This allowed the design of a sound and scalable architecture 

to address the challenges and research questions. 

 The research design also accounted for the need for 

validation and evaluation, ensuring the proposed solution’s 

effectiveness and accuracy. Critical performance goals were 

set for time efficiency in task execution, reuse of context, and 

coordination between agents. The design also considered risks 

of security, privacy, and consistency and built safeguards to 

address vulnerabilities related to shared memory and 

interactions. The integration of the problem specification with 

a design process enabled a holistic approach to the 

development of an MCP-based multi-agent system that 
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enables persistent memory, context reuse, and workflow 

processing in complex AI settings. 

MCP-Based System Architecture Modeling 

 The system architecture modeling phase led to a 

structured design based on the principles of the Model Context 

Protocol (MCP) to facilitate interaction between distributed 

intelligent agents, tools, and data resources. The focus was on 

a layered and modular architecture, with the MCP server 

acting as the communication hub to enable a standardized 

exchange of context and invocation of tools. The architecture 

of the system introduced a dynamic context management 

mechanism, in contrast to traditional methods of integration 

involving fixed interfaces, and allowed agents to parse, 

update, and share contextual information seamlessly. This 

enabled seamless communication among diverse components 

and consistency in communication style, overcoming 

fragmentation problems encountered in previous multi-agent 

systems. 

 The architecture of the system comprised multiple 

interrelated components such as the multi-agent layer, 

persistent memory, context manager, and workflow 

orchestrator. This multi-agent layer comprised of agents with 

specific responsibilities such as planning, execution, 

monitoring, and memory management, collaborating to 

execute various tasks. The system also included a persistent 

memory module employing hybrid memory storage methods, 

which deployed vector-based semantic memory retrieval and 

data storage to store and retrieve past interactions and states 

of tasks. The context manager was responsible for sharing 

information among agents, coordinating information, and 

reducing redundancy in teamwork. The workflow engine also 

managed task breakdown, ordering, and coordination to allow 

the system to efficiently manage multi-step processes. 

 The design also embraced the microservices approach to 

enable scalability and flexibility, treating each module as an 

independent, yet connected service. Modules communicated 

via MCP-compliant interfaces, ensuring consistency and 

flexibility in communication. Context was updated in real-

time, and asynchronous communication was established to 

enhance responsiveness in decentralized systems. The system 

permitted easy integration with external applications and 

application programming interfaces, facilitating access to a 

wide range of data sources, data formats, and computational 

services with minimal configuration. This played a pivotal 

role in improving the system's adaptability and enabled its 

application in diverse domains. 

 The architectural framework also addressed key issues of 

robustness, efficiency, and security issues in multi-agent 

systems. Context validation and consistency checks were 

introduced to ensure the correct information was shared 

among agents. The use of persistent memories allowed for 

learning over time and the ability to avoid unnecessary 

recalculations, thus enhancing the system’s efficiency. 

Furthermore, the architecture incorporated mechanisms to 

enable controlled access to shared resources, thus reducing 

potential security vulnerabilities from unauthorized 

interactions. With this holistic approach, the MCP-based 

system architecture showcased its ability to facilitate 

coordinated, context-sensitive, and scalable multi-agent 

operations, overcoming some of the limitations of the current 

approaches. 

Multi-Agent Implementation and Integration Framework 

 The multi-agent implementation and integration 

framework aimed to bring the proposed MCP-based 

architecture to life by facilitating interaction between 

intelligent agents with distinct roles within a shared 

environment. The framework involved various types of 

agents, such as planners, executors, memories, and monitors, 

that were involved in different phases of task processing and 

decision-making. These agents were designed to work 

together to effectively decompose and execute tasks across 

multiple agents. The design prioritized flexibility and 

reusability, enabling agents to respond to dynamic task 

demands and ensuring coherent communication through a 

well-defined communication protocol. Using the Model 

Context Protocol (MCP) provided a unified interface to enable 

agents to interact with external tools, thus addressing issues 

arising from isolated and piecemeal integration strategies. 

 The integration approach aimed to establish uniform 

context sharing and interaction between diverse components 

of the system. MCP-based messaging protocols were used to 

facilitate bi-directional information flow between agents and 

external resources, allowing agents to access real-time 

contextual information. This facilitated dynamic tool use, 

allowing agents to interact with services as needed, depending 

on the situation. The system also included a centralized layer 

for context management, which ensured state consistency of 

intermediate results and thus avoided inconsistencies in multi-

agent interactions. This integration resulted in better 

coordination, elimination of redundancy, and efficiency in the 

execution of complex tasks requiring iterative reasoning and 

knowledge acquisition. 

 A key element of the framework was the integration of 

long-term memory for enabling context-based reasoning and 

knowledge retention. The system employed a hybrid memory 

framework that involved both semantic memories based on 

vector embeddings and structured memory stores to store 

unstructured and relational information, respectively. 

Retrievals from memory were implemented with similarity 

search techniques based on embeddings, allowing agents to 

retrieve relevant information with greater precision. This 

allowed for task persistence and reduction of redundant 

calculations as found in stateless systems. Furthermore, the 

memory module was coupled with the context manager to 

deliver shared and unified knowledge access among agents, 

thus facilitating group reasoning and implementing dynamic 

adaptation. 

 The system also incorporated the capability of workflow 

orchestration to orchestrate actions of agents and manage task 

execution. A task orchestration engine was developed to 

manage task breakdown, scheduling, and monitoring, 

enabling agents to work within an execution pipeline. It 

facilitated feedback loops to enable intermediate results to be 

assessed and refined through multiple processing steps. This 

enhanced the system’s reliability and flexibility, especially in 

tasks requiring multiple reasoning steps and decisions. The 

combination of orchestration, MCP-based communication, 

and memory provided a unified environment where agents 
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were able to work autonomously while keeping in mind the 

shared goals of the system and thus showed the proposed 

framework’s potential to support scalable and intelligent 

multi-agent workflows. 

Experimental Design and Performance Evaluation 

Metrics  

 The experimental setup was designed to thoroughly 

evaluate the performance of the proposed Model Context 

Protocol (MCP)-based multi-agent system in managing 

context-sensitive and task-oriented workflows. We developed 

a range of task-based scenarios to model real-world scenarios 

that involve multi-step reasoning, dynamic decision-making, 

and tool integration. These scenarios encompassed data-

gathering pipelines, task sequencing, and multi-agent 

problem-solving tasks. The scenarios were designed with 

varying task complexity, dataset sizes, and task dependencies 

to test the system's performance in different scenarios.  

 We established performance metrics to quantify various 

aspects of the system's performance, such as efficiency, 

accuracy, and coordination. Operational efficiency was 

assessed using quantitative metrics like task success rate, task 

execution time, and task response accuracy. Metrics specific 

to the memory module, such as context reuse and retrieval 

accuracy, were used to measure the impact of the persistent 

memory system on reducing repetition and maintaining 

context. Collaborative efficiency was assessed via metrics 

related to communication between agents, including 

communication overhead, synchronization latency, and task 

interdependencies.  

 Experiments were conducted in controlled settings in 

which factors like task complexity, agent numbers, and 

memory capacity were varied to assess scalability and 

robustness. The experiments were run several times to ensure 

statistically significant results, and logs of the executions were 

captured for analysis. Through performance comparison with 

baselines, we were able to quantify the benefits of MCP 

integration and common context management and 

orchestration processes. Data visualization tools such as 

performance curves and trend analysis were employed to 

analyze the results and identify performance gains in 

efficiency and coordination. 

 The findings were also cross-validated through scenario 

analysis and sensitivity tests to assess the system’s 

performance in different scenarios. Ablation studies were 

conducted by selectively removing components (for example, 

persistent memory and context synchronization) to evaluate 

their contributions. The assessment also addressed reliability 

issues, such as error propagation, fault tolerance, and 

repeatability of the results. This holistic approach to 

experimentation enabled the evaluation of the proposed 

framework in terms of scalability, adaptability, and 

effectiveness and demonstrated its readiness for use in large-

scale, distributed multi-agent AI systems. 

Data Analysis, Validation, and System Verification 

 The performance of the proposed Model Context Protocol 

(MCP)-based multi-agent architecture in various workflows 

was rigorously analyzed through data analysis. Experiments 

captured system actions, interactions, and memory accesses; 

logs were analyzed for insights into the system's performance. 

Numerical analysis examined performance in terms of task 

success rate, execution time, context reuse performance, 

memory recall accuracy, and so on. Through benchmarking 

against systems without memory, such as stateless single-

agent and multi-agent systems, we were able to detect 

improvements. We used statistical methods to evaluate 

variability and consistency across multiple runs to ensure 

robustness of the results. Data representation techniques such 

as performance graphs, comparative bar charts, and pie charts 

were used to display trends, scalability, and efficiency 

improvements of the proposed framework. 

 The framework was validated using a mixture of case 

studies and scenario testing to demonstrate its usefulness. 

Task scenarios incorporating multi-step reasoning, dynamic 

data retrieval, and interactions between agents were created to 

simulate realistic scenarios. The framework was tested with 

different complexity and sizes of tasks to assess its capability 

in preserving and maintaining context and coordinating agent 

actions. Ablation experiments were also performed to explore 

the role of various components, such as the persistent memory, 

context manager, and MCP communication layer. This 

enabled a better understanding of the contributions of these 

components to the system's performance and efficiency. 

 The design was verified to ensure correctness, robustness, 

and reliability of the system. Functional verification involved 

ensuring the correctness of task execution, effective agent 

communication, and consistency in context updates. Memory 

management, including storing, retrieving, and updating 

context data, was carefully tested to avoid data inconsistencies 

and data redundancy. Load testing was conducted under heavy 

concurrency to assess stability, resilience, and responsiveness 

in a distributed environment. The design was tested for partial 

fault tolerance to ensure system operation by dynamically 

reallocating tasks and handling errors. 

 Testing for security and reliability was also part of the 

validation process and was important for MCP-based multi-

agent systems. The system was evaluated for risks related to 

security breaches, context manipulation, and information 

leaks from shared memory. Security measures such as role-

based access control, secure communication, and context 

sharing were evaluated for risk mitigation strategies. Also, 

reliability was assessed by extended testing to check the 

performance stability and potential performance degradation. 

The above analysis verified that the use of persistent memory, 

context modeling, and standard communication protocol 

within the proposed system improved the trustworthiness, 

scalability, and robustness of the system. 

 

3. Result and Discussion 
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FIGURE 2. Task Completion Performance 

Comparison 

 Figure 2 presents a comparative assessment of the task 

completion rate of three system configurations, i.e., single 

agent, multi-agent, and the proposed MCP system. The 

noticeable increase from about 65% in the single-agent system 

to 78% in the multi-agent system suggests that task delegation 

and collaboration enhanced the task completion rate. This 

improvement of 13% can be attributed to the parallel 

processing of subtasks by multiple agents, thus avoiding the 

time constraints of sequential processing. But the gain was not 

substantial, which indicates that although the collaboration 

between agents increases the efficiency, the lack of structured 

communication protocols and a permanent memory still 

hampers the system's performance. 

 The advantage of using the proposed MCP-based 

approach was seen in the system's ability to complete more 

than 90% of tasks. This was due to the use of protocol-based 

communication and context management, allowing agents to 

communicate and coordinate their actions more effectively. 

The inclusion of the persistent memory module enables agents 

to perform computations in a more reusable manner and 

exchange previously calculated information and context, 

thereby avoiding unnecessary computations and improving 

the quality of decisions. This shows that, beyond the 

collaboration of agents, the inclusion of context exchange was 

a significant aspect of task performance improvement. 

 The comparison between the multi-agent system and the 

MCP framework demonstrates the need for synchronization 

and integration. In traditional multi-agent systems, agents 

typically have limited knowledge of the task, resulting in 

wasted effort and inconsistencies in task management. The 

MCP framework overcomes these issues by maintaining 

context consistency and smooth integration with other tools. 

This allows agents to flexibly respond to changing task needs 

and ensures continuity in the process. This feature plays an 

important role in achieving the improved success rate of the 

proposed system. 

 In summary, the graph highlights the success achieved by 

integrating multi-agent systems, long-term memory, and 

communication mechanisms. The progressive improvement in 

performance across three configurations demonstrates the 

evolution from a single agent handling tasks independently to 

a multi-agent system with distributed intelligence and finally 

to the proposed MCP-based system that leverages memory 

and context-aware processing to perform tasks. This 

demonstrates that the proposed approach not only boosts the 

efficiency of task completion but also scalability and stability, 

making it more capable of addressing complex task workflows 

in real-world scenarios that demand dynamic context 

management and collaboration among agents. 

Table 1: Task Completion Rate 

System Type Completion Rate (%) 

Single-Agent 65 

Multi-Agent 78 

Proposed MCP 92 

 

 Table 1 shows that there was an improvement in task 

completion performance in the different system 

configurations, where the single-agent system offered little 

performance efficiency due to the system's single-task 

processing nature, while the multi-agent system enhanced task 

completion performance by distributing tasks among multiple 

agents; but the proposed MCP-based system achieved the 

highest completion rate, meaning that the incorporation of 

structured communication, persistent memory, and 

coordinated execution significantly improved system 

effectiveness by minimizing redundancy, maximizing context 

reuse, and allowing agents to work together seamlessly, thus 

ensuring greater reliability and a higher completion rate of 

complex workflows. 

 

 
  

FIGURE 3. Resource Utilization Distribution 

 In figure 3 we present the relative resource consumption 

of the system during the execution of the proposed 

architecture in terms of CPU, memory, storage, and network. 

The CPU usage was the highest at 30%, suggesting that 
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processing was still the major factor in the execution of 

reasoning and orchestration among agents. This was a 

consequence of the complex decision-making, context 

assessment, and tool execution processes undertaken by 

several agents. The higher CPU share indicates that the system 

efficiently utilizes processing resources to enable multi-

threaded processing and dynamic task orchestration. 

 The memory usage represents 25% of the total resource 

usage and shows the influence of persistent memory 

approaches embedded into the system. The employment of 

vector databases and persistent context storage contributes to 

this share, as agents are persistently storing, retrieving, and 

updating contextual data. Such a share suggests a trade-off 

between memory usage to improve contextual understanding 

and processing overhead. Memory usage was important for 

keeping the system responsive and storing and reusing 

knowledge over time. 

 The 25% network usage was related to the 

communication cost of multi-agent interaction and MCP 

interactions. Agents often share context information, trigger 

external services, and call remote services, leading to network 

activity. The relatively low network usage suggests that the 

communication protocol was well suited for interoperability, 

with minimal delays and bandwidth requirements. This was 

important to enable seamless interaction between distributed 

elements and scalability of the system. 

 The lowest utilization was in storage at 20%, suggesting 

that persistent data storage was handled in an efficient manner 

with minimal storage requirements. This implies the usage of 

efficient techniques for data storage, such as selective logging, 

embedding compression, and selective retention based on 

relevance. The reduced storage usage, with balanced use of 

other resources, indicates an effective system design. The 

figure shows that the system has a balanced distribution of 

resources, leading to high performance, scalability, and 

efficiency in complex multi-agent systems. 

Table 2: Resource Utilization 

 

Resource 
Utilization 

(%) 
CPU 30 

Memory 25 
Storage 20 
Network 25 

 

 Table 2's distribution of resource consumption illustrates 

a balanced design where CPU was the most consumed 

resource, due to the computational demands of reasoning and 

coordination of agents; memory was also highly consumed 

due to the persistent storage and recall of context information; 

network was also consumed, showing active communication 

between agents and tools; on the other hand, storage was less 

consumed, revealing a good management of data; and finally, 

this balanced allocation proves that the system was using the 

resources efficiently without overloading any of them, 

ensuring scalability, stability, and efficiency of execution in a 

distributed system. 

 

 

FIGURE 4. Latency Performance Distribution 

 Figure 4 shows the distribution of the latency observed 

during system execution, which can be used to measure the 

system's responsiveness and efficiency for task execution. The 

data was tightly clustered around a range of 9-12 ms, 

suggesting that most tasks were executed within a predictable 

time frame. This grouping implies that the system's execution 

time was consistent across different runs, thus avoiding 

variations that cause interruptions in the workflow. The tight 

range of latency values was an indicator of good management 

of computational and communication costs to complete tasks. 

The few instances of higher latent values (up to 13-15 ms) 

suggest the presence of occasional delays, potentially due to 

more complex multi-agent interactions, tool invocation, or 

memory retrieval. Such values are anticipated in a distributed 

system with varying task complexity and demands. But their 

rare occurrence shows that the delays were rare and didn't 

have a considerable effect on the system's latency. This 

demonstrates the system's capacity to handle varying degrees 

of complexity while providing timely responses. 

 The stability of lower latencies was probably due to 

effective context management and communication provided 

by the system architecture. The organized sharing of context 

information prevented unnecessary calculations and agent 

interactions. Furthermore, the use of persistent memory was 

likely to have sped up the decision-making process by 

providing easy access to the required information, avoiding 

the need for redundant processing. This was evident in the 

higher frequency of lower latencies. 

 In conclusion, the distribution of latencies shows that our 

system struck a good balance between simplicity and 

efficiency, with low latencies even under conditions of 

parallel processing and dynamic tasks. The spread of the 

distribution suggests a stable system, and the few higher 

latency values suggest a robust system as well. These findings 

confirm the success of the design in achieving high 

performance and scalability, which are crucial for real-time 

and big data applications. 
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FIGURE 5. Performance Correlation Analysis 

 Figure 5 presents the correlations between the key 

performance indicators (latency, memory, and accuracy). The 

diagonal values are perfect correlations, as each parameter 

was perfectly correlated with itself (used for reference). It's 

the off-diagonal elements that provide insight into how the 

parameters interact during system operation. The consistently 

high correlation values between each pair reveal that there was 

a strong and robust correlation between the parameters, and 

the system behaves in a consistent manner under different 

conditions. 

 The relationship between accuracy and latency seems 

fairly strong, suggesting that when response time (latency) 

improves, accuracy also improves. This suggests that fast and 

timely processing aids in producing better decisions. With 

reduced latency, agents can more quickly understand the 

context of the task and access the necessary information, 

allowing for more accurate results. This was a result of 

efficient communication and task execution operations in 

improving speed and accuracy. 

 The correlation between latency and memory usage was 

strong, implying that memory usage was an important factor 

in improving latency. The availability of memory storage and 

rapid retrieval processes allows agents to retrieve information 

without the need for repeated calculations, thus speeding up 

the process. This relationship underscores the value of 

persistent storage in reducing latency and facilitating real-time 

processing. Appropriate indexing and retrieval mechanisms 

also contribute to this relationship by making context 

accessible on demand. 

 Conversely, the correlation between accuracy and 

memory was relatively weaker, suggesting that memory was 

not as directly involved in accuracy. Memory helps maintain 

context and reuse information, which in turn improves 

performance over a series of tasks but does not directly affect 

accuracy. This implies that other factors such as agent 

coordination and contextual reasoning have a more direct 

impact on correctness. In essence, the matrix shows a balanced 

system with interlinked but individually optimized 

performance indicators, thereby confirming the architecture's 

effectiveness for efficient and reliable performance. 

Table 3: Correlation Between Metrics 

 

Parameter Pair Correlation 
Accuracy–Latency 0.80 
Accuracy–Memory 0.70 
Latency–Memory 0.85 

 

 Table 3's correlation coefficients suggest high 

interdependencies between system performance metrics, 

where latency and memory showed the highest correlation and 

suggested efficient memory access reduced processing times, 

while the strong correlation between accuracy and latency 

meant that the speed of processing directly influenced the 

quality of decisions, and the lower correlation between 

accuracy and memory implied that the effect of memory on 

system performance was indirect, as it supported the 

maintenance of context between tasks, rather than the 

precision of the current task outputs, thereby confirming that 

optimizing memory and latency in combination enhanced the 

efficiency and reliability of the system. 

 
max

𝜋
 𝒥(𝜋) = 𝛼 𝑇𝐶𝑅(𝜋) + 𝛽 𝑃(𝜋) − 𝛾 𝐿(𝜋)                (1) 

 

 A single objective that balances task success TCR, 

aggregate performance P, and latency L. The policy π (task 

routing + tool usage + memory access) was optimized via 

weights α,β,γ. This equation cleanly ties your results 

(accuracy, completion, latency) into one optimization target. 

 
𝑎∗(𝑡) = argmin

𝑎∈𝐴
[𝛼 𝑇𝑒𝑥𝑒𝑐(𝑎, 𝑡) + 𝛽 𝐿(𝑎, 𝑡) + 𝛾 𝑅(𝑎, 𝑡)]                     (2) 

 

 Each task t was assigned to the agent a that minimizes a 

composite cost: execution time, latency, and resource usage. 

This formalizes your orchestration layer and justifies 

improved efficiency over naive or static routing. 

 
𝑦 = 𝑓(𝑥, ℛ𝑘(𝑥)), ℛ𝑘(𝑥) = TopK

𝑚∈ℳ
 sim(𝑥, 𝑚)sim(𝑥, 𝑚)

=
𝑥 ⋅ 𝑚

∥ 𝑥 ∥∥ 𝑚 ∥
           (3) 

 

 Predictions y depend on the input x and the top-k 

retrieved memories. This captures your persistent memory 

contribution: retrieval-augmented reasoning that boosts 

accuracy and reduces redundant computation. 

 

𝐶𝑡+1 = 𝐶𝑡 ⊕ (∑ 𝑔𝑖

𝑀

𝑖=1

(𝑜𝑖
𝑡))                                (4) 

 

 The global context C was updated by aggregating each 

agent’s output o_i^t via transformation g_i, then merged (⊕
) into a consistent state. This model synchronized context 

sharing across agents. 

 
𝑇𝑒𝑥𝑒𝑐 = 𝑇𝑝𝑟𝑜𝑐 + 𝑇𝑐𝑜𝑚𝑚 + 𝑇𝑚𝑒𝑚 − 𝜆 𝑈𝑟𝑒𝑢𝑠𝑒                       (5) 

 

 Total time was reduced by reuse utility U_reuse (from 
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memory/context). The coefficient λ quantifies how strongly 

reuse shortens execution—precisely the effect your results 

show. 

 
𝐿 = 𝔼[𝑇𝑞𝑢𝑒𝑢𝑒 + 𝑇𝑝𝑟𝑜𝑐 + 𝑇𝑐𝑜𝑚𝑚 + 𝑇𝑖𝑜]         (6) 

 

 Latency was the expected sum of queuing, processing, 

communication, and I/O delays. This decomposition lets you 

explain improvements via better routing (less queue), caching 

(less I/O), and coordination (less communication). 

 

𝑃𝑖 = 𝑤1𝐴𝑖 + 𝑤2𝐸𝑖 + 𝑤3𝑆𝑖 ,  𝑃 =
1

𝑀
∑ 𝑃𝑖 

𝑀

𝑖=1

                   (7) 

 

Each agent’s score combines accuracy A_i, efficiency 

E_i, and success rate S_i. Averaging yields system 

performance, aligning directly with your per-agent curves. 

 

∑ 𝑅𝑎

𝑎∈𝐴

(𝑡)   ≤   𝑅max,  𝑅𝑎(𝑡) = 𝑅𝑐𝑝𝑢 + 𝑅𝑚𝑒𝑚 + 𝑅𝑛𝑒𝑡 + 𝑅𝑠𝑡𝑜        (8) 

 

 Ensures allocations respect system capacity. It explains 

your balanced utilization results and prevents overloading any 

single component. 

 

𝑊𝑒𝑓𝑓 =
𝑇𝑖𝑑𝑒𝑎𝑙

𝑇𝑎𝑐𝑡𝑢𝑎𝑙

∈ (0,1]                          (9) 

 

 Measures how close execution was to the ideal. Gains in 

W_eff reflect improved orchestration and memory reuse over 

time (as your time-per-task drops). 

 

𝑇𝐶𝑅 =
𝑁𝑠𝑢𝑐𝑐𝑒𝑠𝑠

𝑁𝑡𝑜𝑡𝑎𝑙

                                                      (10) 

 

 The simplest but essential metric. It anchors the objective 

and validates the gains from coordinated agents and persistent 

memory. 

 

 

FIGURE 6. Execution Time Efficiency Trend 

 Figure 6 demonstrates the relationship between the 

number of tasks and execution time, which was decreasing 

with the increase in the number of tasks. The initial execution 

times are relatively long (12 seconds for the first task) due to 

the initialization of the system, the establishment of context, 

and the loading of memory. Over time, as more tasks are 

executed, the execution time drops, suggesting that the system 

learns and optimizes over time. This was likely due to the 

reuse of previously set up context and intermediate outcomes, 

eliminating the need for repeated calculations. 

 The improvement from 12 seconds to 9 seconds in the 

first three tasks was indicative of better coordination and 

learning. Through communication and context sharing, agents 

are more coordinated in their task execution, allowing for 

quicker completion. This progress indicates that the system 

was learning and gaining insights, allowing for quicker and 

more efficient processing of tasks. The drop-in execution time 

shows how the system becomes more efficient with time as a 

result of structured communication and contextual 

information sharing. 

 There was a more pronounced reduction from tasks three 

to four, with execution time falling from 9 seconds to 7 

seconds. This dramatic reduction suggests a point at which the 

system achieves a state of greater optimization, presumably 

through effective knowledge reuse and improved task 

decomposition. At this point, the system likely performs 

minimal unnecessary work and efficient resource allocation, 

enabling faster task execution. This highlights the role of 

persistent memory and efficient access to knowledge in 

speeding up tasks. 

 In the last phase, the time to complete a task levels off at 

approximately 6 seconds, indicating that the system has likely 

achieved peak efficiency under these circumstances. This 

suggests that it has achieved reliable and efficient task 

execution without major time improvements. The pattern 

shows that the system not only learns but also stabilizes in 

terms of performance once an optimal state was reached. This 

trend confirms the architectural design effectively supports 

scalable and adaptive task execution and was therefore 

suitable for efficiently managing complex tasks. 

Table 4: Execution Time vs Tasks 

 

Task Number Time (seconds) 

1 12 

2 10 

3 9 

4 7 

5 6 

  

 Table 4's downward trend in execution time for tasks 

showcases the adaptability of the system, in which the first 

task took longer to execute because of the initialization and 

context establishment, while the following tasks benefited 

from experience and coordinated interactions between agents, 

resulting in shorter execution time; the dramatic decrease in 
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later tasks highlights the reuse of context and the improvement 

in workflow efficiency, and the convergence in lower 

execution times demonstrates that the system has reached an 

optimal state where it can execute tasks efficiently and 

consistently. 

 

  

Figure 7. Classification Performance Matrix 

 The figure 7 offers a comprehensive analysis of the 

system's predictive capability through the comparison of the 

true results with the predictions. The confusion matrix 

demonstrates that the system successfully predicted a large 

number of cases, indicated by 50 true positives and 42 true 

negatives. This suggests that the system showed good 

performance in classifying positive and negative instances. 

This greater density of correct classifications suggests a well-

functioning decision-making process and that the mechanisms 

for context awareness and execution of tasks played a role in 

ensuring accurate predictions. 

 The 5 false positives and 3 false negatives suggest that, 

compared to the number of correct predictions, the number of 

incorrect predictions was relatively small. False positives 

occur when the system erroneously detected a condition, 

whereas false negatives occur when the system failed to detect 

a condition. The fewer false negatives are significant as they 

indicate that the system had a high sensitivity and was less 

likely to miss important cases. This proportion of false 

positives and false negatives shows that the system struck a 

good compromise between precision and recall. 

 The skew of the matrix towards higher values indicates 

the system's reliability across different cases. The dominance 

of correct classifications over the number of errors indicates 

that the system could effectively adapt to different scenarios. 

This was likely due to effective use of context and structured 

information processing, leading to better predictions. Further, 

the low number of errors suggests that the system remained 

robust even with challenging instances. 

 In summary, the confusion matrix demonstrates the 

system's high classification accuracy and reliability. The high 

accuracy for both the positive and negative classes indicates 

the model has a well-rounded predictive capability, which was 

crucial for real-world applications. The low error rates also 

confirm the benefits of the hybrid approach for enhancing the 

decision-making process. These findings confirm the system's 

capacity to provide reliable and accurate results, underpinning 

its potential use in practical applications that demand accurate 

and consistent predictions. 

 

  

Figure 8. Agent Performance Comparison 

 Figure 8 illustrates a comparative performance graph of 

three functional agents (planner, executor, and memory) over 

a series of tasks. The performance of all three agents shows an 

upward trend, suggesting continuous improvement with 

increasing task difficulty. The planner starts from a middle 

ground and shows improvement, indicating improvements in 

task breakdown and planning strategies. The executor exhibits 

a similar pattern but with a lower initial performance, 

indicating that the execution processes needed further 

adaptation. On the other hand, the memory agent consistently 

exhibits the highest performance level, showcasing its 

importance for the performance. 

 The steady rise in the performance of the planner agent 

from 60% to 80% implies improved task planning and 

execution. Over time, the planner agent takes advantage of the 

growing understanding of the task environment, allowing it to 

make better decisions. This growth indicates that the system 

effectively uses previous knowledge to enhance planning 

approaches, eliminating uncertainties and enhancing agent 

coordination. The continuous improvement also suggests that 

planning strategies are effective in adapting to task 

complexities. 

 There's a significant improvement in the executor agent 

from 55% to 78%, indicating better task execution 

performance. At the beginning, the sub-optimal performance 

could be explained by difficulties in managing task execution-

level complexities, such as tool use and interactions with other 

agents. But as the tasks progress, the executor receives better 

guidance from the planner and has access to more information. 

This results in faster and more accurate execution and 

improved goal alignment. The approach of the executor's 

performance towards the planner's performance suggests 

growing coordination between the planning and execution 
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phases. 

 The memory agent continues to perform better than other 

agents, from 70% to 90%, which speaks to the power of 

persistent memory to improve system performance. This was 

due to the effective storage, recall, and reutilization of 

contextual information, facilitating effective operation of 

other agents. The upward trend suggests that using memory 

becomes more useful during the course of the task, enabling 

quicker decision-making and avoiding duplication. In 

summary, the graph shows that the improvement in all the 

agents' performance leads to more efficient system 

performance, and memory plays an important role in 

improving performance and enabling collaboration among 

agents. 

Table 5. Agent Performance Comparison 

 

Task Planner (%) Executor (%) 
Memory 

(%) 

1 60 55 70 

2 65 60 75 

3 70 68 80 

4 75 72 85 

5 80 78 90 

 

 Table 5 shows the continuous improvement across all 

agents, where the planner gradually improved performance in 

terms of task planning and coordination, the executor 

performed better over time due to improved guidance and 

context information, and the memory agent always performed 

better than others because it provided information about the 

context; the upward trends indicate increased coordination 

among agents and improved collaboration, demonstrating that 

persistent memory played a significant role in improving 

planning and execution processes and hence system 

performance and efficiency. 

 

Conclusion 
 

 This research developed an integrated framework of 

protocol-based (standardized) communication, multi-agent 

collaboration, persistent memory, and workflow orchestration 

to resolve existing issues in designing intelligent systems. The 

addition of a structured communication layer facilitated 

communication between agents and external tools, and the 

shared context mechanism contributed to consistency and 

coherence in task execution. The persistent memory element 

significantly contributed to the system's intelligence, allowing 

effective storage, retrieval, and reuse of contextual 

information and avoiding unnecessary computation, ensuring 

decision continuity. 

 Empirical analysis showed significant gains in various 

performance metrics such as task success rate, execution time, 

response latency, and resource consumption. The novel 

approach significantly improved the performance of 

traditional single-agent and stateless multi-agent systems by 

enabling collaborative task decomposition and dynamic 

execution. The resulting decrease in execution time across 

multiple tasks demonstrated the benefits of memory-based 

optimization, while the even distribution of resource 

utilization across different tasks validated the scalability and 

efficiency of the system in managing complex tasks. The 

correlation between memory usage and task execution time 

confirmed the value of incorporating retrieval mechanisms in 

agent designs. 

 The findings also suggested that effective agent 

coordination, enhanced by persistent context management, 

enhanced system reliability and stability. Adaptability to 

changing task demands and reuse of past experience allowed 

the system to consistently deliver good performance across 

different operating scenarios. The modular design provided 

flexibility and enabled the framework to be easily extended or 

integrated with various applications with minimal 

modification. 

 Finally, the framework offers a scalable and efficient 

approach to future intelligent systems by integrating protocol 

standardization, memory-based reasoning, and multi-agent 

coordination. The research helps advance automated 

workflow orchestration and demonstrates the value of 

integrating contextual communication and persistent memory 

for the development of adaptive and efficient AI systems. 
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