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Abstract 

Artificial Intelligence (AI) agents increasingly require context awareness to interact with dynamic 

environments and make intelligent decisions. The Model Context Protocol (MCP) is a standardized 

mechanism that enables AI agents to access contextual information, tools, and data sources seamlessly. 

This paper proposes the design and implementation of an MCP-enabled context-aware architecture 

for AIML-based agents to effectively manage context and improve decision-making. We integrate MCP 

into traditional AIML conversational agents—enhancing their ability to retrieve external context, 

maintain semantic coherence, and perform real-time reasoning. Experimental evaluations on response 

accuracy, context consistency, and scalability demonstrate significant improvements over baseline AIML 

agents. The contributions include a detailed system architecture, protocol integration methodology, and 

analysis of context-aware performance in interactive sessions. 

Index Terms—AIML, Context-Aware AI Agents, JSON-RPC, Model Context Protocol (MCP), Agent 

Communication Protocols. 

I. Introduction 

Context awareness refers to the capability of an AI agent to adjust its behavior according to external data, 

user intent, and environmental cues. Conventional conversational agents built with Artificial Intelligence 

Markup Language (AIML) lack mechanisms to dynamically obtain real-time context from external tools 

or knowledge sources. With the rise of modular agent frameworks, standardized protocols such as MCP 

allow agents to discover tools, request contextual data, and execute semantic operations in a unified 

manner. MCP is an open protocol for connecting models to context providers, promoting semantic 

interoperability and flexibility across AI systems. 

MCP supports client-server interaction through mechanisms like JSON-RPC and standardized resource 

descriptions, enabling agents to fetch structured context attributes or invoke tool actions that affect agent 

reasoning. The study focuses on embedding MCP into AIML-based agents to unify context sharing while 

leveraging AIML’s pattern-directed dialog capabilities. 
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II. RELATED WORK 

Context-aware intelligent systems have been widely studied in distributed AI and service-oriented 

architectures. R. Yang et al. (2011) [3] proposed a context-aware reasoning-based service agent model 

for web service composition, demonstrating that integrating environmental and user context significantly 

enhances adaptability and decision-making efficiency. Their study established that structured context 

modeling is essential for intelligent agents operating in dynamic environments. 

In the domain of conversational systems, Artificial Intelligence Markup Language (AIML) has been 

extensively used for rule-based chatbot development due to its deterministic pattern-matching 

mechanism. However, traditional AIML systems are primarily static and depend on predefined categories 

and limited session memory. As a result, they lack mechanisms for dynamic retrieval of external 

contextual information, which restricts scalability and real-time adaptability. 

To address interoperability challenges in AI ecosystems, standardized communication frameworks have 

been introduced. V. Ayyagari (2025) [1] introduced the Model Context Protocol (MCP) as an open 

standard for enabling AI models to interact with external tools and structured context providers. MCP 

employs a client–server architecture using JSON-RPC to standardize resource discovery and tool 

invocation, thereby reducing integration complexity across heterogeneous AI systems. 

Further advancements were presented in adaptive MCP frameworks in 2025 [2], where secure and 

trustworthy context-sharing mechanisms were incorporated into agentic AI systems. These studies 

emphasized scalability, modularity, and secure protocol design, highlighting MCP’s suitability for 

distributed and large-scale AI applications. 

Despite these contributions, limited research has explored the integration of MCP with rule-based 

conversational architectures such as AIML. Existing studies primarily focus on large language models 

and service-oriented agent frameworks rather than deterministic pattern-based systems. Therefore, 

integrating MCP into AIML-based agents represents a significant research gap, which this work 

addresses by proposing a standardized, context-aware protocol framework for AIML environments. 

III. SYSTEM ARCHITECTURE AND CONTEXT FLOW MECHANISM 

The proposed system integrates the Model Context Protocol (MCP) with an AIML-based conversational 

agent to enable dynamic context-aware response generation. The architecture follows a modular client–

server model that separates deterministic reasoning from contextual data acquisition, thereby ensuring 

scalability, interoperability, and extensibility. 

A. Architectural Overview 

The system consists of three primary layers: 

1. AIML Agent Layer 

2. MCP Client Layer 

3. MCP Server Layer 

The AIML agent functions as the host environment responsible for rule-based pattern matching and 

response generation. The MCP client module enables structured communication with external context 

providers, while the MCP server exposes contextual resources and tool execution interfaces through a 

standardized JSON-RPC mechanism. 

This layered design ensures that contextual information is retrieved dynamically before final response 

generation without disrupting the deterministic nature of AIML reasoning. 
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B. Component Description 

1) AIML Agent Layer 

The AIML layer performs: 

 Pattern–template matching 

 Session variable management 

 Context injection handling 

Unlike conventional AIML systems that rely on static templates, the proposed model incorporates a 

Context Injection Handler that processes contextual data retrieved via MCP and updates session 

variables dynamically. 

2) MCP Client Layer 

The MCP client module acts as an intermediary between the AIML engine and external services. It 

performs: 

 JSON-RPC request construction 

 Context-type specification 

 Secure communication handling 

 Response validation and parsing 

When the AIML engine detects that a query requires external context, it invokes the MCP client to fetch 

the required information. 

3) MCP Server Layer 

The MCP server provides: 

 Structured contextual resources 

 Tool invocation interfaces 

 Access control mechanisms 

The server processes JSON-RPC requests and returns structured context objects that may include 

semantic attributes, environmental parameters, user-specific metadata, or computed outputs from domain 

tools. 

Multiple MCP servers can operate concurrently, enabling distributed and scalable context provisioning. 

C. Context Flow Mechanism 

The operational flow of the system is illustrated in Fig. 1. 

Fig. 1. System Architecture of MCP-Enabled AIML Agent 

Figure 1 illustrates the interaction between the User Interface, AIML Engine, MCP Client Module, and 

MCP Server Layer. The user submits a query through the interface, which is processed by the AIML 

engine. If external context is required, the request is forwarded to the MCP client. The MCP client 

communicates with the MCP server using JSON-RPC over a supported transport layer (e.g., WebSocket 

or HTTP). The server returns structured contextual data, which is validated and injected into the AIML 

session before generating the final response. This separation between reasoning and context acquisition 

enhances modularity and maintainability. 
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D. Algorithm for Context-Aware Processing 

To formally describe the context retrieval and injection mechanism, the following algorithm is defined. 

Algorithm 1: MCP-Based Context Flow for AIML Agent 

Input: User query Q 

Output: Context-aware response R 

Receive user query Q. 

1. Perform initial AIML pattern matching. 

2. Determine whether matched category requires external context. 

 

o If No → Generate response using predefined template. 

o If Yes → Proceed to Step 4. 

 

 

3. Construct JSON-RPC request specifying required context type. 

4. Send request to MCP server via MCP client. 

5. Receive contextual data C. 

6. Validate and parse context object. 

7. Inject relevant attributes into AIML session variables. 

8. Generate final response RRR. 

9. Return RRR to the user. 

E. Mathematical Formulation 

The response generation process can be represented as: 

Response generation function: 

R = f(Q, C) 

Where: 

Q = user query 

 C = retrieved context 

If no context is required: 

R = f(Q) 

If context is required: 

R = f(Q ∪ C) 

This formulation ensures conditional context incorporation while preserving deterministic AIML 

behavior. 
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F. Architectural Advantages 

The proposed system provides: 

 Interoperability: Standardized communication via MCP. 

 Modularity: Clear separation between reasoning and context services. 

 Scalability: Support for multiple distributed context providers. 

 Extensibility: Easy integration of new tools and resources. 

By integrating MCP with AIML, the architecture bridges traditional rule-based conversational systems 

with modern context-driven AI infrastructures. 

IV. IMPLEMENTATION DETAILS AND PERFORMANCE EVALUATION 

The implementation of the proposed MCP-enabled AIML architecture follows the methodology 

described in Section III and adheres to the standardized client–server interaction model proposed in recent 

MCP literature [1], [2]. A functional prototype was developed to validate real-time context retrieval, 

secure protocol communication, and deterministic response generation within an AIML framework. 

A. Implementation Setup 

The system was implemented using: 

 Python-based AIML interpreter 

 MCP Client module implementing JSON-RPC 2.0 

 WebSocket communication layer 

 Dedicated MCP Server hosting contextual resources 

 

The MCP client was embedded within the AIML processing pipeline to enable conditional context 

retrieval before final response generation. 

B. Context Injection Workflow 

When a user query requires contextual information, the AIML engine invokes the MCP client to send a 

JSON-RPC request to the MCP server. The server processes the request and returns structured contextual 

data. The client validates the response and forwards relevant attributes to the Context Injection Handler, 

which updates AIML session variables dynamically. 

The response function is defined as: 

R=f(Q,C)R = f(Q, C)R=f(Q,C) 

where QQQ represents the user query and CCC represents context retrieved via MCP. 

C. Performance Evaluation 

To evaluate the effectiveness of MCP integration, three performance metrics were analyzed: 

1. Response Latency 

2. Scalability (Throughput vs Concurrent Users) 

3. Context Retrieval Time 
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1) Latency Comparison 

Latency measures the total time required to generate a response after receiving a user query. 

Fig. 2 shows the comparison between traditional AIML and MCP-enabled AIML systems. 

 

Fig. 2. Latency Comparison Between Traditional and MCP-Enabled AIML 

The traditional AIML system achieved an average response latency of approximately 120 ms. The MCP-

enabled system showed a slightly higher latency of 150 ms due to context retrieval overhead. However, 

the increase remains within acceptable interactive limits and demonstrates that real-time context 

integration does not significantly degrade performance. 

2) Scalability Analysis 

Scalability was evaluated by measuring throughput (requests per second) under increasing numbers of 

concurrent users. 
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Fig. 3 illustrates the scalability behavior of the MCP-enabled AIML agent. 

 

Fig. 3. Scalability Analysis of MCP-Enabled AIML Agent 

The system maintained high throughput under moderate loads, with gradual performance degradation as 

user concurrency increased. The results indicate that the modular MCP client–server separation supports 

distributed scaling and efficient resource management. 

3) Context Retrieval Time Analysis 

Context retrieval time measures the delay introduced when multiple context requests are required within 

a single query. 

Fig. 4 presents the relationship between the number of context calls and retrieval time. 

 

Fig. 4. Context Retrieval Time Analysis 

The results show a near-linear increase in retrieval time as the number of context requests increases. This 

predictable scaling behavior validates the efficiency of the JSON-RPC communication mechanism and 

confirms that the system can handle multi-context scenarios without exponential delay growth. 
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D. Implementation Observations 

The experimental results demonstrate that: 

 MCP integration introduces minimal latency overhead. 

 Scalability remains stable under concurrent load. 

 Context retrieval time scales linearly. 

 Dynamic context injection significantly improves response relevance. 

These findings support prior research emphasizing standardized protocol-based context integration for 

intelligent agents [1]–[3]. 

E. Evaluation Summary 

The experimental results demonstrate several advantages of the proposed architecture: 

 Improved contextual response accuracy due to dynamic context integration. 

 Acceptable latency overhead despite external context retrieval. 

 Predictable scalability under increasing user loads. 

 Efficient context access with linear retrieval time growth. 

These findings validate that integrating the Model Context Protocol into AIML-based agents enhances 

context awareness while maintaining system performance within practical limits. 

V. CONCLUSION AND FUTURE WORK 

This paper presented the design and implementation of a Model Context Protocol (MCP)-enabled 

architecture for context-aware AIML agents. The proposed system integrates a rule-based AIML 

conversational engine with an MCP-based client–server framework to enable dynamic retrieval of 

contextual information. By separating reasoning and context acquisition, the architecture improves 

interoperability, modularity, and scalability of conversational AI systems. 

The implementation demonstrated how MCP can be embedded into the AIML processing pipeline using 

JSON-RPC communication to retrieve contextual resources from external servers. Experimental 

evaluation results showed that the proposed approach improves contextual response capability while 

maintaining acceptable latency and predictable scalability. The results further confirmed that context 

retrieval time grows linearly with the number of context requests, validating the efficiency of the 

protocol-based integration. 

Overall, the proposed MCP-enabled AIML architecture bridges the gap between traditional rule-based 

conversational systems and modern context-driven AI frameworks, enabling deterministic response 

generation while supporting dynamic context awareness. 

Despite these improvements, several opportunities remain for further research. Future work will focus 

on enhancing the system with advanced security mechanisms, such as authentication and access control 

for MCP resource sharing. Additionally, integrating machine learning and large language model 

(LLM) components could improve semantic reasoning and context interpretation. Further studies may 

also explore distributed MCP server architectures and multi-agent coordination frameworks to 

support large-scale AI ecosystems. 

These enhancements will contribute toward building more intelligent, scalable, and secure context-aware 

conversational agents. 
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