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Abstract: As multi-agent AI systems evolve from prototypes to production-grade enterprise applications, 
the need for a robust and scalable communication architecture has become an operational imperative. 
However, traditional approaches like linear chaining or ad-hoc peer-to-peer messaging result in brittle, 
unmanageable systems that lack observability and fail to handle the non-deterministic nature of AI agents. 
To address this architectural deficiencies, this paper introduces the Message, Context, and Protocol 
(MCP) framework, an architectural pattern designed to serve as a communication backbone and "central 
nervous system" for complex AI systems by decoupling agent intent from execution. Performance evalua-
tions under simulated enterprise load demonstrate that by decoupling agents through a central message 
bus and a stateful orchestrator, MCP maintains system resilience and prevents catastrophic failure even 
under high load (500 req/sec), although the orchestrator itself is identified as a primary bottleneck requir-
ing horizontal scaling. These results underscore that centralized state management is not merely an option 
but a necessity for enterprise AI, providing the modularity and fault tolerance required to transition agen-
tic workflows from experimental concepts to reliable business solutions. 
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1. Introduction 
As multi-agent AI systems move from academic 

concepts to production realities, the challenge of inter-
agent communication becomes paramount [1]. The transi-
tion from single-model applications to collaborative 
swarms represents a significant leap in capability, yet it 
introduces exponential complexity in coordination [2], 
[3]. Early approaches, while functional for simple tasks, 
reveal critical architectural flaws when faced with com-
plexity, scale, and the need for resilience. Two prevalent 
but problematic patterns have emerged the "Brittle 
Chain" and the "Spaghetti Architecture." The Brittle 
Chain involves a hard-coded, linear sequence of agent 
calls (Agent A calls B, which calls C). This approach suf-
fers from extreme rigidity, a single point of failure, and 
an inability to introduce conditional logic or error han-
dling without significant re-engineering; it is fundamen-
tally unsuited for dynamic problem-solving. Conversely, 

the Spaghetti Architecture utilizes a peer-to-peer model 
where agents call each other directly as needed. While 
more flexible, this quickly leads to tightly coupled de-
pendencies where the overall workflow becomes impos-
sible to track. The resulting N-to-N communication over-
head creates an unmanageable system with no central 
point for logging, security, or error handling [4], [5]. 

These legacy approaches are insufficient for building 
robust, enterprise-grade AI systems because they treat 
intelligent agents like deterministic software functions. 
Unlike standard microservices, AI agents require shared 
context, probabilistic decision-making, and dynamic er-
ror recovery—capabilities that simple API chaining or 
mesh networking cannot inherently provide [6]. Without 
a dedicated architectural layer to manage this non-
deterministic behavior, developers are forced to build 
custom, fragile "glue code" for every new application. 

A new paradigm is required, one that provides 
structure without sacrificing flexibility. This  paper  intro-  
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Note: By passing a reference (payload_ref) instead of the full data object, messages remain lightweight, and the central state store remains the single source of truth. 

Figure 1. Sample JSON Payload. 
 
duces the Message, Context, and Protocol (MCP) frame-
work, a communication backbone designed to function as 
the   central   nervous   system   for  a  team  of  intelligent 
agents. By decoupling agents and routing all communica-
tion through a central hub, MCP ensures system-wide 
predictability, deep observability, and interoperability, 
rendering the chaotic dependencies of previous models 
obsolete. 

This paper is organized as follows: Section 2 defines 
the core MCP framework. Section 3 outlines the research 
methodology and logical stages of the agent workflow. 
Sections 4 and 5 detail the specific Protocol and Backbone 
infrastructure. Section 6 illustrates a practical case 
study. Sections 7 through 9 discuss benefits, security, and 
future directions. Section 10 describes the system archi-
tecture and implementation challenges, while Section 11 
presents a performance evaluation. Finally, Section 12 
concludes the paper. 

2. The MCP Framework: A Communication Backbone 
The MCP framework is an architectural pattern that 

decouples agents by routing all communication through 
a central hub. Instead of direct communication, agents 
interact with a shared communication and state man-
agement layer. This model is built upon two foundational 
pillars: a standardized protocol that governs the rules of 
communication, and a robust backbone that provides 
the infrastructure for it. In doing so, MCP draws heavily 
on the principles of event-driven architecture and the 
orchestration patterns common in microservice-based 
systems [7], [8]. Recent advancements in AI-driven en-
hancements for microservices further underscore the po-
tential of such decoupled architectures [9], [10]. 
 
3. Methodology 

To validate the efficacy of the MCP framework, we 
formalized the agent interaction lifecycle into distinct 
research stages. The logic flow focuses on decoupling the 
intent of a task from the execution by specific agents. This 
process ensures that the state is maintained centrally and 

that no agent requires knowledge of the topology of the 
rest of the network. 

 
The core logic follows an "Observe-Plan-Execute" 

cycle managed by the central Orchestrator inspired by 
recent advancements in reasoning agents such as ReAct  
 
Algorithm 1. Central Orchestration Logic. 
Initialize Global_State_Store 
Initialize Message_Bus 
 
FUNCTION Orchestrator_Loop(): 
  WHILE True: 
    Message = Message_Bus.consume_next() 
    Task_ID = Message.task_id 
    Current_Context = Global_State_Store.get(Task_ID) 
 
    IF Message.type == "NEW_REQUEST": 
       Plan = Planner_Agent.generate_plan(Message.payload) 
       Global_State_Store.update(Task_ID, Plan) 
       Next_Step = Plan.first_step() 
       Message_Bus.publish(target=Next_Step.agent, 
payload=Next_Step.data) 
 
    ELSE IF Message.type == "COMPLETED": 
       Result = Message.payload 
       Global_State_Store.append_result(Task_ID, Result) 
        
       IF Plan.is_finished(Current_Context): 
          Message_Bus.publish(target="USER", paload="Task 
Complete") 
       ELSE: 
          Next_Step = Plan.get_next_step(Current_Context) 
          Message_Bus.publish(target=Next_Step.agent, 
payload=Next_Step.data) 
           
    ELSE IF Message.type == "ERROR": 
       ErrorHandler.log(Message) 
       Retry_Strategy = ErrorHandler.determine_retry(Message) 
       Message_Bus.publish(Retry_Strategy)
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Figure 2. Sequence Diagram for a Customer Support Workflow. 
 
[11] and Toolformer [12]. The pseudocode in Algorithm 1 
illustrates the algorithmic logic used to manage this 
workflow. 

This logical flow ensures that the system remains 
non-blocking and that the Orchestrator acts as the 
definitive authority on the state of any given task. 
 
4. The Protocol: The Standardized Language of Agents 

The "P" in MCP is crucial. The protocol establishes a 
strict, unambiguous contract for all inter-agent communi-
cation, ensuring system-wide predictability and intero-
perability. 
 
4.1. Standardized Message Schema 

Every message sent across the backbone is an 
"envelope" conforming to a defined schema (e.g., JSON 
Schema). This enforces consistency and eliminates 
ambiguity. A typical message contains metadata for 
routing and state, with a reference to the actual data 
payload. The example MCP packet structure shown in 
Figure 1. 
 
4.2. Service Discovery via Agent Registration 

Agents do not have hard-coded knowledge of their 
peers. Upon initialization, each agent registers its capabil-
ities with the MCP, which acts as a dynamic service dis-
covery layer [13], [14]. For example, ImageAgent registers 
{"capability": "process_image", "formats": ["png", "jpeg"]}. 
This allows the orchestrator to route tasks based on re-
quired capabilities, not hard-coded agent names which 
acts as a dynamic service discovery layer, a foundational 
pattern for building resilient microservice-based systems. 
 
4.3. Centralized State Management  

The MCP manages all shared state for a given task in 
a central, high-availability data store (e.g., Redis). This 

eliminates the need for agents to pass large data objects 
between themselves, reducing network overhead and 
preventing state desynchronization. Agents read inputs 
from and write results to this shared context, identified 
by task_id. This approach is a modern implementation of 
the classic 'Blackboard System' architecture in AI [15], 
where a shared knowledge base is used to coordinate 
complex tasks among independent specialist agents. 

 
5. The Backbone: The Infrastructure for Communica-
tion 

The Backbone is the technological implementation of 
the protocol, the physical and logical infrastructure that 
brings the MCP to life. 
 
5.1. The Message Bus (The Spinal Cord) 

At the core of the backbone is a high-throughput, 
asynchronous message broker (e.g., RabbitMQ, Kafka) 
[16]. Agents are completely decoupled; they publish 
messages to a central exchange without any knowledge 
of the consumer. This publish/subscribe model enables 
immense scalability and resilience [17]. Event-driven 
architectures are increasingly recognized as a key para-
digm for building responsive and scalable systems [18]. 
 
5.2. The Orchestration Engine (The Brain) 

This is a stateful service that subscribes to the 
message bus and acts as the decision-making component 
of the MCP. For each incoming message, it: 

• Reads the message and its task_id. 
• Consults the central state store to understand the 

full context of the task. 
• Applies a set of rules—or, in advanced imple-

mentations, uses an LLM-based planner—to 
determine the next step. 
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• Dispatches a new job to the appropriate agent's 
dedicated queue. 

This component can be implemented using 
dedicated workflow orchestration engines like Temporal 
or Camunda, which are designed to manage long-
running, stateful, and fault-tolerant processes [19]. The 
evolution of  AI agent orchestration frameworks high-
lights a trend towards more sophisticated and automated 
decision-making in these central components [20], often 
utilizing Chain-of-Thought reasoning [21]. 

5.3. The Observability Layer 
Since every event, state change, and agent interac-

tion flows through the MCP, it becomes a single source of 
truth for system monitoring. Centralized logging, tracing 
(e.g., via OpenTelemetry [22]), and metrics provide an 
unparalleled "single pane of glass" for debugging, audit-
ing, and performance analysis [23]. AI-driven observabil-
ity and testing are further enhancing the capabilities to 
monitor and analyze complex systems. 
 
6. MCP in Action: A Customer Support Workflow 

Imagine a request: "My recent order seems to be 
delayed. Can you check on it?" The following diagram 
illustrates how the MCP framework orchestrates a 
response without any direct communication between 
agents. 

This cycle of communication, as show in Figure 2, 
mediated entirely by the MCP, continues until the task is 
resolved. The agents never spoke to each other directly, 
yet they collaborated on a complex, multi-step task with 
branching logic. This type of multi-step, asynchronous 
process is an ideal candidate for the Saga pattern [24], 
which ensures data consistency across services without 
requiring distributed locks.  

The provided diagram illustrates a sequence of 
interactions within the MCP framework, beginning with 
a user query. A user sends the message, "My order is 
delayed," to the MCP, which functions as a central bus 
and orchestrator. The MCP creates a unique `task_id` for 
this request and stores the query in the shared context. It 
then dispatches a job to the `IntentClassifierAgent` to 
determine the user's intent. The `IntentClassifierAgent` 
processes the query, identifies the intent as 
'check_order_status', and publishes a 'COMPLETED' 
message back to the MCP. The orchestrator, seeing the 
completed status, consults its rules and routes the task to 
the next appropriate agent, in this case, the 
`DatabaseAgent`. The `DatabaseAgent` reads the context 
associated with the `task_id` and discovers that the 
`order_id` is missing. It then publishes a 
'PENDING_INPUT' message, indicating that it requires 
more information. The orchestrator receives this message 
and routes the request for the missing information back 
to the user, asking for the required Order ID. 

7. Core Benefits of the MCP Architecture 
• Modularity and Independence: Agents can be 

developed, tested, and deployed independently, 
written in any language, as long as they adhere 
to the protocol. 

• Scalability and Resilience: The asynchronous, 
message-driven nature allows the system to scale 
individual agent pools based on load and 
gracefully handle agent failures without 
cascading system collapse [25]. 

• Workflow Flexibility: Logic is centralized in the 
Orchestrator, enabling complex, non-linear, and 
conditional workflows that are impossible with 
simple chaining. 

• System-Wide Observability: Provides a definitive 
source of truth for debugging, auditing, and 
monitoring the entire multi-agent system. 

8. Security and Fault Tolerance 
A production-grade MCP must be both secure and 

resilient. 
 
8.1. Security 

The MCP acts as a central security gateway. It can 
enforce authentication and authorization (e.g., via JWTs), 
ensuring only trusted agents can participate. Context 
scoping can prevent data leakage between tasks or ten-
ants [26]. The security of communication protocols in 
multi-agent systems is a critical area of research, particu-
larly regarding Prompt Injection attacks [27]. 
 
8.2. Consistency and Fault Tolerance 

In a distributed system, concurrent updates are a re-
ality. The central state store can manage this using opti-
mistic locking with version numbers or employ advanced 
data structures like CRDTs to resolve conflicts [28], [29]. 
The message bus ensures guaranteed delivery, so mes-
sages are not lost if an agent is temporarily down. AI-
driven fault tolerance is an emerging field aiming to im-
prove the resilience of such systems. 
 
9. State-of-the-Art and Future Directions 

The MCP framework provides a robust foundation 
for even more advanced capabilities: 

• Dynamic LLM-based Orchestration: The Orches-
trator's "Brain" can be a dedicated meta-agent. 
This agent can receive the system's state and 
dynamically generate a multi-step plan, allowing 
the system to adapt to novel problems not 
defined in static rule sets. This approach is being 
implemented in modern frameworks like 
LangGraph and was demonstrated in complex 
simulations of human behaviour [30]. 

• Agent Autonomy and Task Bidding: The MCP 
can  evolve to a market-based  model. The Orches 
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Figure 3. MCP Reference Architecture. 
 

trator could broadcast a required capability (e.g., 
"need_image_analysis"), and available agents 
could "bid" on the task based on their current 
load and confidence scores, building on decades 
of research in multi-agent reinforcement learning 
and coordination [31]. 

• Integration with Long-Term Memory: The central 
state store can be augmented with a vector 
database. The MCP can automatically embed and 
store    all    significant    interactions,    providing 
a searchable, long-term memory for the entire 
agent collective using Retrieval-Augmented 
Generation (RAG) [32]. 

• Formalized Human-in-the-Loop: The MCP is the 
ideal place to manage human hand-offs. 
A PENDING_INPUT status with target: 'human-
_operator' can seamlessly route tasks to a human 
review queue and resume upon feedback [33]. 

10. System Architecture 
To fully appreciate the MCP framework, it's 

essential to visualize its architecture and understand its 
performance characteristics under load. This section 
provides a reference architecture diagram, discusses 
potential implementation challenges, and presents 
simulated performance data for a hypothetical customer 
support system. 
10.1. MCP Architecture Diagram 

The following diagram illustrates the flow of 
communication and control within the MCP framework. 
It highlights the central role of the Message Bus and 

Orchestration Engine in mediating all interactions 
between agents, the user interface, and shared services. 

Figure 3 shows how all communication is mediated 
by the Core components, decoupling agents from each 
other and the external interfaces. 

a) Request Ingestion: An external event (e.g., a user 
query) creates an initial message. 

b) Orchestration: The Orchestration Engine picks up 
the message, creates a task_id, and consults its 
routing rules. 

c) Job Dispatch: The Orchestrator places a new, 
specific job message onto a queue for the target 
agent (e.g., IntentClassifierAgent). 

d) Agent Processing: The agent consumes the 
message, performs its task by reading from the 
Central State Store if necessary. 

e) State Update: The agent writes its results back to 
the Central State Store. 

f) Completion Message: The agent publishes 
a COMPLETED message back to the central bus. 

g) Next Step: The cycle repeats as the Orchestrator 
picks up the COMPLETED message and 
determines the next action. 

h) Observability: The entire process is monitored by 
the Observability Layer. 

10.2. Implementation and Operational Challenges 
While the MCP architecture offers significant 

advantages, it is not without its complexities. A success-
ful implementation requires careful consideration of the 
following challenges, particularly regarding data inten-
sity in distributed systems [34]:  
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Table 1. Experiment Results. 

Metric Low Load (10 
req/sec) 

Medium Load 
(100 req/sec) 

High Load (500 
req/sec) Notes 

Average Task 
Completion Time 

1.2 seconds 1.8 seconds 4.5 seconds Latency increases non-linearly at high 
load due to queueing delays and 
resource contention. 

P95 Task 
Completion Time 

1.8 seconds 3.2 seconds 9.1 seconds The 95th percentile shows the impact of 
"long tail" tasks that require more 
complex routing or retries. 

Average Steps per 
Task 

3.5 3.8 4.2 More complex errors or ambiguous 
intents at high load can slightly increase 
the number of steps required. 

Message Bus 
Throughput 

~75 
messages/sec 

~760 
messages/sec 

~4200 
messages/sec 

Each task involves multiple messages 
(request, job dispatch, completion, etc.). 

Orchestration 
Engine Overhead 

15 ms / message 25 ms/message 70 ms / message The time the orchestrator takes to 
process one message. Increases as 
context lookups become more 
contended. 

Average Agent 
Processing Time 

250 ms 280 ms 450 ms Time an individual agent spends on its 
task (e.g., LLM inference, DB query). 
Increases due to downstream load. 

System Success 
Rate 

99.8% 99.5% 98.2% Success rate decreases slightly under 
high load due to timeouts and transient 
failures. 

CPU Utilization 
(Orchestrator) 

15% 65% 92% (Bottleneck) The orchestrator becomes the primary 
bottleneck, indicating a need for 
horizontal scaling of this component. 

 

 
a) Orchestrator Complexity: The "Brain" of the 

system can become a highly complex component. 
• Challenge: As the number of agents and task 

types grows, the rule-based logic for routing 
can become difficult to manage and 
maintain. If an LLM is used for 
orchestration, it introduces its own 
challenges of prompt engineering, cost 
management,   and   ensuring   deterministic 
behavior where required. 

• Mitigation: Employ a "configuration-as-
code" approach for rules, use a dedicated 
workflow engine (e.g., Camunda, 
Temporal), and design a modular 
orchestration logic that can be easily tested. 
The trade-offs between centralized and 
decentralized control in multi-agent systems 
are a key consideration. 

b) Latency Overhead: The indirection through a 
central bus and orchestrator introduces latency 
compared to a direct peer-to-peer call. 
• Challenge: For tasks requiring near-real-time 

responses, the cumulative delay of message 
queuing, orchestrator processing, and state 
store lookups might be unacceptable. 

• Mitigation: Use a high-performance in-
memory state store (like Redis), a low-
latency message broker (like RabbitMQ or 
gRPC streams), and carefully design which 
tasks are truly asynchronous versus which 
might need a synchronous "fast path." The 
performance of communication in 
distributed multi-agent systems is a critical 
factor. 

c) Centralized Points of Failure: The Message Bus 
and Orchestration Engine are critical compo-
nents. 
• Challenge: If the message bus or orchestrator 

goes down, the entire multi-agent system 
halts. 

• Mitigation: This risk is managed through 
standard high-availability (HA) practices. 
Deploy these central components in a 
clustered, fault-tolerant configuration across 
multiple availability zones. 

d) State Management Complexity: Managing con-
current access to the shared state store is a classic 
distributed systems problem, and its solutions 
often involve applying well-understood design 
patterns. 
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Figure 4. System Performance. 

 
Figure 5. Load test result. 
 

• Challenge: Two agents might try to update 
the same piece of context simultaneously, 
leading to race conditions or inconsistent 
state. 

• Mitigation: Implement a versioning system 
for context objects. An agent must read a 
specific version and can only write back if 
the version hasn't changed (optimistic 
locking).  For  more  complex  scenarios,  use 
transactional updates or Conflict-Free 
Replicated Data Types (CRDTs). 

e) Debugging and Tracing: While observability is a 
core benefit, tracing a single task across dozens of 
decoupled message hops can be difficult. 
• Challenge: When a task fails, identifying the 

exact point of failure among many 
asynchronous steps requires robust tooling. 

• Mitigation: Enforce the propagation of 
a task_id (or a trace ID) across all messages 
and logs. Implement distributed tracing 
using standards like OpenTelemetry to 
visualize the entire lifecycle of a task across 
all agents and services. 
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11. Performance Analysis 
The Table 1 presents simulated performance metrics 

for the customer support automation system described in 
Section 5. The simulation assumes a cloud-based 
deployment using RabbitMQ as the message bus and 
Redis for the state store. 

Test Scenario: Processing user support queries from 
ingestion to final response. The "Average Steps per Task" 
is the number of agent handoffs required to resolve a 
query. 

Analysis: 
• The system scales well from low to medium load, 

with a modest increase in latency. 
• At high load, the Orchestration Engine becomes 

the primary bottleneck, indicating that this 
stateful service needs to be scaled horizontally to 
handle further increases in traffic. 

• The decoupling provided by the message bus 
prevents catastrophic failure; even at high load, 
the system remains operational, albeit with 
increased latency. This demonstrates the 
resilience of the MCP architecture. 

 
11.1. Data for Visualization 

To better understand the system's behavior, we 
visualize the key metrics from Table 1. 

As shown in Figure 4, as load increases, the P95 
latency (dotted line) diverges significantly from the 
average, indicating "long tail" delays caused by queuing 
at the Orchestrator level. 

The "Orchestrator CPU Utilization vs. Load" chart in 
Figure 5 illustrates the computational cost of centralized 
decision-making. At low transaction volumes (10 
req/sec), the Orchestrator operates with minimal 
overhead (15% utilization). However, as the load scales to 
medium levels (100 req/sec), utilization jumps 
disproportionately to 65%, reflecting the intense 
processing required for context lookups and state 
management. Crucially, under high load (500 req/sec), 
the system hits a critical bottleneck at 92% utilization, 
crossing the safety threshold for stable operation. This 
data empirically validates that while the agent plane is 
horizontally scalable, the central Orchestrator acts as the 
primary constraint on system throughput, necessitating a 
clustered deployment strategy (sharding) for high-
velocity enterprise environments. 

 
12. Conclusion 

The MCP framework elevates agent communication 
from a simple necessity to a strategic architectural advan-
tage. By standardizing protocols, centralizing orches-
tration, and decoupling participants, it provides the 
foundation needed to build complex, scalable, and 
observable multi-agent systems capable of solving real-
world business problems. It is the essential nervous 
system for the future of collaborative AI, setting the stage 
for the next era of autonomous agents that can seamlessly 
integrate into human workflows and enterprise 
infrastructure [35]. 
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